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Abstract

Synthetic Aperture Radar (SAR) is a fundamental imaging technique in Remote Sensing. While modern SAR systems
offer unprecedented resolution and coverage, they generate large volumes of raw data that cannot be processed directly
onboard and must be transmitted to the ground station, straining downlink bandwidth. In an effort to bring efficient SAR
data compression onboard, this paper explores the possibility of compressing intermediate representations of SAR data.
In particular, we experiment with the compression of Range Cell Migration Corrected (RCMC) data using hyperprior
autoencoders. To this end, we adapt existing deep learning compression models to the specific characteristics of SAR
RCMC data and introduce a task-aware training strategy that enforces coherence preservation. Experimental results
show that hyperprior models achieve up to 9 dB PSNR improvement over traditional codecs, while preserving complex
coherence up to 0.95 at high bitrates. The code is released at https://github.com/CedricLeon/MAYA_ DC.

1 Introduction

Synthetic Aperture Radar (SAR) is a crucial sensing
modality for Earth Observation. With the advent of
new SAR missions and advanced sensor technologies, the
amount of data generated is expected to increase dramat-
ically. Next-generation missions, such as Sentinel-1 NG
[8], promise improved spatial resolution, shorter revisit
times, and wider swaths. The improvements come at the
cost of a substantial increase in data volume, which poses
significant challenges for data handling, as onboard stor-
age and downlink bandwidth remain limited resources.
Data compression thus becomes a critical component of
the SAR processing chain, and should ideally be applied
as early as possible in the acquisition pipeline to mini-
mize transmission costs. Traditional onboard compression
schemes, such as Block Adaptive Quantization (BAQ) [11]
or its acquisition-dependent extension, Flexible Dynamic
BAQ (FDBAQ) [3], employed on Sentinel-1, offer efficient
yet handcrafted solutions.

In parallel, the field of Learned Image Compression (LIC)
[4] has rapidly evolved in computer vision, where hyper-
prior autoencoder architectures [5, 13] have established
a new state of the art. These models achieve remark-
able Rate—Distortion (RD) trade-offs by jointly optimizing
compact latent representations and entropy models for effi-
cient coding [4]. Despite their success in on-ground optical
imaging, their potential for SAR data remains largely un-
explored, especially onboard.

This work takes a step toward efficient onboard SAR data
compression by investigating the use of autoencoders to
compress intermediate representations of the SAR image

formation chain. Specifically, we experiment with Range
Cell Migration Corrected (RCMC) data, i.e., raw data that
has been compressed along the range direction and cor-
rected for platform-induced migration effects. RCMC data
offers a good balance between computational cost and in-
formation richness. It presents higher structural fidelity
than raw data while being one computationally expensive
processing step away, namely azimuth compression, from
Single-Look Complex (SLC) images.

Our contributions are threefold:

e we propose to perform compression at the RCMC
stage, offering a trade-off between information con-
tent and computational cost;

* we introduce a task-aware distortion function that ex-
plicitly enforces coherence preservation;

e we evaluate compression performance through az-
imuth focusing, enabling assessment of the final SLC
image quality.

2  Related work

Compressing SAR raw data has been an active area of
research to manage the increasing data volumes from
modern SAR systems. The current operational standard
for Sentinel-1 is the FDBAQ algorithm [3], which adap-
tively allocates quantization bits based on local Signal-
to-Noise Ratio (SNR) estimates, achieving variable bit
rates while maintaining radiometric quality across hetero-
geneous scenes. FDBAQ extends traditional BAQ [11] by
dynamically selecting from multiple quantizers depending



on the backscatter intensity, resulting in improved perfor-
mance over earlier entropy-constrained methods, particu-
larly for bright targets such as urban areas.

Several recent works explore alternatives to FDBAQ.
Asiyabi et al. [2] evaluate JPEG2000 [14] for SAR raw
data compression, demonstrating the superior performance
of JPEG2000 compared to BAQ. To improve BAQ in an
acquisition-dependent compression method, Gollin et al.
[9] introduced AI-BAQ, a deep learning method that pre-
dicts optimal bitrate maps directly from raw data. They
train a lightweight Convolutional Neural Network (CNN)
in a supervised manner to directly link raw data and the
focused domain to satisfy some target performance met-
rics, such as SQNR or InSAR coherence. This data-driven
strategy enhances the performance of BAQ without requir-
ing onboard focusing or a priori scene information. As Al-
BAQ predicts quantization maps, it essentially differs from
our approach, where neural compressors learn end-to-end
latent representations of pre-focused signals.

Further along the processing chain, LIC methods have
been applied to focused SAR products. Asiyabi et al.
[1] propose a complex-valued autoencoder architecture for
compressing SLC data, leveraging dual-polarization chan-
nels as side information to improve reconstruction qual-
ity. These results indicate that learned representations can
be effective for SAR data once geometric corrections and
focusing have been applied, motivating the exploration
of LIC methods at intermediate processing levels such as
RCMC.

The feasibility of onboard SAR focusing is also advanc-
ing rapidly as Mandapati et al. [12] demonstrate real-time
floating-point SAR focusing on FPGA hardware. This
development suggests that computational constraints for
spaceborne focusing are becoming less prohibitive, open-
ing the possibility of generating focused products onboard
and applying LIC methods directly in orbit to minimize
downlink requirements.

3 Method

In this section, we detail our end-to-end compression
pipeline for RCMC data. We first present the Maya4
dataset and its intermediate representations, then introduce
LIC methods, and finally describe the modifications re-
quired to adapt them to RCMC data.

3.1 Maya4 Dataset

The Maya4 dataset' provides multi-level intermediate sig-
nal representations from Sentinel-1 Stripmap acquisitions.
Unlike conventional datasets, which provide only Level-
1 (SLC) products, Maya4 includes raw baseband echoes
(raw), range-compressed data (rc), range cell migration-
corrected data (rcmc), and fully focused SLC images
(az). These representations correspond to physically
and mathematically distinct stages of the SAR focusing
pipeline, which enable targeted machine learning at each
level.

"https://huggingface.co/Maya4

Given the complex raw echo signal s,y (¢, 7), where ¢ de-
notes the fast-time (range) and 7 the slow-time (azimuth),
the processing chain [15] applies three transformations:

¢ Range compression: Matched filtering in the fast-
time dimension,

Src(tan) = Sraw<ta77) *hr(t) (1)
where h,.(t) is the time-reversed transmitted chirp.

* Range Cell Migration Correction (RCMC): Com-
pensation for target migration caused by platform mo-
tion AR(n),

Sreme(t,1) = sie(t + AR(n) /e, m), 2

where c is the speed of light.

* Azimuth compression: Focusing the signal along the
slow-time dimension using matched filtering,

Saz(t,n) = FFT ;[ FFT o (Seeme (1)) Hyy (f)]
3)

2
with the matched filter H,,(f,;) = exp [— Js ;::” fc} ,

where K, is the Doppler chirp rate and f, is the car-
rier frequency.

The Maya4 dataset is distributed in zarr format, support-
ing chunked and scalable access, which enables the devel-
opment of deep learning models for a wide range of appli-
cations directly in the radar signal domain, such as com-
pression, focusing, or representation learning. For exam-
ple, in this paper, the RCMC data serves as input to com-
pression algorithms, whose predictions are later evaluated
against the corresponding SLCs, providing deeper insight
into the consequences of compression.

3.2 Neural Compression

Learned Image Compression (LIC) uses neural networks
to perform lossy data compression. At the intersection of
deep learning and information theory, LIC has been shown
to outperform traditional handcrafted compression algo-
rithms such as JPEG or JPEG2000 [4]. Conventional LIC
architectures resemble autoencoders [10] and are trained
end-to-end to jointly minimize the rate R, i.e., the size of
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the compressed data, and the distortion D between the orig-
inal and reconstructed image. In the loss £, the tradeoff is
determined by the Lagrange multiplier A:

L=R+X-D (€]

The overall architecture of a conventional LIC model is
illustrated in Figure 1. A first encoder network trans-
forms the original image to a more compressible latent
space, which is then quantized and losslessly encoded us-
ing standard entropy coding algorithms, to generate a com-
pressed bitstream. During decompression, the generated
bitstream is losslessly decoded to retrieve the quantized
latents, which are then transformed back to pixels by the
second decoder network. In LIC, the encoder g, and the
decoder g, serve as parametric alternatives to the analysis
and synthesis transforms used in traditional compression
codecs, such as the wavelet transform in JPEG2000 [14].
Training these autoencoder architectures [5, 13] does not
require any labels; instead, the model faces a RD optimiza-
tion problem. Its goal is to minimize the expected length of
the bitstream as well as the distortion of the reconstructed
image with respect to the original. Therefore, Eq. (4) ex-
pands with:

R = Eunp, [~10gapy(lga()])] ®)

D = Eonp, [d(2,95(l9a(2)]))] ©)

Where z is the input image and p, its associated, unknown
distribution, |-] symbolizes the quantization operation, y
corresponds to the latents, and p; is the discrete entropy
model, with § = |y]. The distortion D is computed using
a distortion metric d(-) such as the Mean Squared Error
(MSE) or Structural Similarity Index Measure (SSIM).
Entropy modeling requires a prior probability model. Stan-
dard practice uses a fully factorized distribution that as-
sumes no statistical dependencies in the latent distribu-
tion. A Variational Auto-Encoder (VAE) architecture us-
ing a fully factorized prior model was introduced by Ballé
et al. [4]. We name this model Factorized Prior (FP), its
architecture is depicted on the left half of Figure 1.

To enhance compression performance, one can introduce
a new set of variables z to capture the dependencies of the
latent representations. This side information can then be
used to estimate &, the distribution of the standard devia-
tions of each latent variable, which improves our entropy
prior model. In practice, this method requires two ad-
ditional transformations implemented as neural networks:
ha, the hyper-encoder, and hg, the hyper-decoder. In this
split-paradigm, the side information z must also be quan-
tized and compressed, demanding a second entropy model
p32. With this additional information to encode, the rate R
of Eq. (5) becomes:

R =Eonp, [~108:p4(|9a(7)])]
+ Earp, [—10gs pz([ha(y)])]

2 As there are no prior beliefs about this distribution, a fully factorized
density model is used again.

@)

This new modeling of the latent distribution was intro-
duced by Ballé et al. [S] and is illustrated on the right half
of Figure 1. We refer to the complete architecture as Scale
Hyperprior (SH), the main model used in this work?.

3.3 RCMC Data Compression

Figure 2 depicts the complete project pipeline. Using the
Maya4 dataset, we sample intermediate representations of
partially focused Sentinel-1 images (rcmc) for compres-
sion. The images are then reconstructed as Tcmc and un-
dergo azimuth compression. The obtained reconstructed
SLCs az are then compared to the regular SLCs az.

As the LIC compressors implemented in CompressAl [6]
are designed for Computer Vision applications, a few mod-
ifications are necessary to adapt the FP and SH models to
Maya4. First, the input channels are shrunk to two for the
real and imaginary parts of the RCMC data. Then, we
modify the loss function to account for the specific char-
acteristics of SAR data and its applications.
Interferometric SAR (InSAR) relies on the phase correla-
tion between acquisitions, which is directly determined by
the interferometric coherence. As quantization and com-
pression introduce decorrelation, which degrades coher-
ence, any compression scheme intended for SAR products
must explicitly preserve phase relationships to maintain
downstream interferometric usability [7]. To ensure that
our compression method maintains interferometric fidelity,
we enrich the distortion component of the loss, Eq. (6),
with two terms ensuring coherence conservation.

D = |z - 2|

+ Okde /’ﬁ\fc\(t) — Pl (t) | dt

E[Z - 2*]|
+ 5coh 1-
E[|2[] - E[|2[?]

Eq. (8) defines a composite distortion loss combining
MSE, Kernel Density Estimation (KDE), and coherence
terms, weighted by dxq. and d.opn, added to the loss func-
tion Eq. (4). & is the reconstructed image after compres-
sion and is equivalent to g,(| g.()])) as entropy encoding
and decoding are lossless processes, and p).| is a Gaussian
KDE.

®)

4 Results

Due to the large size of RCMC tiles, they must be divided
into smaller patches before being fed to the LIC compres-
sor. As the signal has already been compressed in the fast-
time dimension, the relevant information in the range di-
rection is largely confined within a single resolution cell.
However, this is not the case for the slow-time dimension
(azimuth), where additional information is required for ac-
curate azimuth compression. To estimate the number of az-
imuth cells required to capture most of a pixel’s energy, we

3We implement the FP and SH models using the Compres-
sAl framework [6] in which the models are respectively named
bmshj2018-factorizedand bmshj2018-hyperprior.
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Figure 2 Method diagram and processing pipeline. Maya4 rcmc data is used as input for the neural compressor. The
reconstructed Tcmc data then undergoes azimuth compression for comparison with the original SLC images az.
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Figure 3 RD curves of the models Scale Hyperprior (SH), and SH-NSK using Non-Square Kernels, alongside three
traditional codecs JPEG, WebP, and JPEG2000. Error bands correspond to the standard deviation of the quality metrics
across seeds for the models and the standard error for the traditional codecs. Error bars show the standard deviation of
the bpp across seeds and are not represented for traditional codecs, as the rate highly varies across patches.

start from the length of the synthetic aperture Lsp = Ry-O,
where O is the angular span and R the range of closest
approach. Then, we can approximate © as the ratio of the
transmitted wavelength p and the physical antenna length

Ly © = LL[ Finally, with N,, = , where Az,
is the ground-projected size, we obtain NaZ ~ LI%% re-

sulting in an estimate of approximately 486 azimuth cells

using Sentinel-1 characteristics. After rounding up to the
nearest power of two, we used a buffer of 512 pixels on
each side in the slow-time direction, leading to a final rect-
angular patch size of 1536 x 512. This buffer is dropped
after azimuth compression, so that loss and other metrics
are computed only on the 512 x 512 central patch, which
reduces training efficiency by computing the loss on only
one third of the reconstructed region, but avoids boundary
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Figure 4 Visualization of the reconstructions: On the left Tcmc, the direct output of the SH and SH-NSK models, on
the right 2z, after azimuth compression. The top row shows the reference rcmc and az patches from Maya4.

artifacts from incomplete azimuth compression.

All models are trained and evaluated on a subset of the
Maya4 dataset comprising 11,000 patches, split into 64%
training, 18% validation, and 18% testing sets. Each model
is trained for up to 30 epochs with early stopping. Recon-
struction quality is assessed using pixel-wise metrics such
as Peak Signal-to-Noise Ratio (PSNR), perceptual metrics
such as SSIM, and SAR-specific metrics including com-
plex coherence and phase error. We evaluate the Scale
Hyperprior (SH) architecture with two variants: standard
square convolution kernels (3 x 3, 5 x 5), and Non-Square
Kernels (NSK) with rectangular shapes in the azimuth di-
rection (9 x 3, 15 x 5), denoted as SH-NSK.

Figure 3 presents Rate-Distortion (RD) performance of
the proposed models alongside traditional codecs (JPEG,
WebP, JPEG2000)*. To apply these codecs to complex-
valued rcmc data, compression is performed indepen-
dently on the real and imaginary components, effectively
simulating grayscale images. Traditional codecs perform
poorly in this setting. SSIM values remain below 0.1, in-
dicating that the reconstructed SLC images lack meaning-
ful structural information. Interestingly, PSNR increases at
lower bitrates, which can be explained by the tendency of
aggressive compression to produce smoother, more homo-
geneous reconstructions with reduced pixel-wise variance.
This behavior highlights the limitations of PSNR in this
context and underscores the need for perceptual and task-
relevant metrics.

Comparing the LIC approaches, the standard SH architec-
ture consistently outperforms the SH-NSK variant across
most of the RD range. SH-NSK requires higher bitrates
to reach comparable reconstruction quality. For instance,
SH achieves visually coherent reconstructions at A = 10
and below 0.5 bpp, whereas SH-NSK requires A = 20 and

4Classical SAR-specific quantization schemes, such as BAQ or FD-
BAQ, are not included in this comparison, as they are typically designed
for raw echo data and are not directly applicable to intermediate represen-
tations, such as RCMC, without modification. A quantitative comparison
with such approaches is left for future work.

approximately 0.7 bpp to reach similar quality. At higher
bitrates, SH further improves upon SH-NSK by up to 2
dB in PSNR or 0.2 in SSIM. One possible explanation for
SH-NSK’s inferior performance is that, while asymmet-
ric kernels are designed to better capture directional de-
pendencies, they may introduce an imbalance in modeling
range and azimuth features. In our setting, this could lead
to suboptimal representation of fine-scale structures in the
range dimension. From a SAR perspective, both models
demonstrate partial preservation of phase information. At
higher bitrates, complex coherence reaches values of ap-
proximately 0.95 and phase error remains around 0.04, in-
dicating residual distortions that may limit the usability of
the reconstructed data for downstream applications such as
interferometry.

Visual inspection of the reconstructions (Figure 4) pro-
vides additional insight. As the rate increases, azimuth
structures become sharper and more consistent with the
expected SLC patterns. At lower bitrates, however, az-
imuth signatures appear shortened and distorted, resulting
in RCMC reconstructions that resemble noisy, coarsely fo-
cused SLC images. We attribute this behavior to the lim-
ited receptive field of the networks, which restricts their
ability to model long-range dependencies in the azimuth
direction, although further investigation is required to con-
firm this hypothesis.

5 Conclusion

In this work, we proposed an end-to-end neural compres-
sion framework for intermediate SAR representations, with
a focus on RCMC data. By integrating azimuth compres-
sion into the evaluation pipeline, we ensured that the recon-
structed signals remain consistent with downstream SLC
formation. In addition, we introduced a modified distor-
tion loss that explicitly enforces coherence preservation.

Our results show that neural compression models can cap-
ture and reconstruct meaningful RCMC structures, en-



abling the recovery of interpretable SLC images after az-
imuth compression. The standard Scale Hyperprior archi-
tecture consistently outperforms its non-square kernel vari-
ant, achieving up to 0.76 SSIM, which highlights the im-
portance of architectural design choices in this context.
Despite these promising results, limitations remain. While
amplitude structures are reasonably well preserved, resid-
ual phase errors and incomplete coherence conservation
may hinder the applicability of the reconstructed data to
interferometric tasks.

Future work will focus on improving reconstruction fi-
delity, particularly in terms of phase preservation, and on
benchmarking the proposed approach against traditional
SAR compression schemes, such as BAQ-based methods.
These directions will be essential to assess the practical rel-
evance of neural compression for onboard SAR data pro-
cessing.
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