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Abstract

Fixed-quality compression is a lossy compression paradigm in which data is encoded at a user-defined tolerated
distortion. When that tolerated distortion is allocated in certain regions of the image, it is referred to as local
fixed-quality compression. It consists in compressing more complex regions at a higher bit rate and less
complex areas at a lower bit rate, in order to reach the same level of quality with a reduced overall bit rate.
Indeed, the global trend in high resolution satellite imagery is to drive the compression algorithm with a
distortion target rather than with a bit rate target, which allows to allocate the bit rate resource where it is
needed [1].

The introduction of neural networks to data compression, particularly lossy image compression, has
produced a breakthrough in the field. These novel methods outperform established algorithms that are the
result of decades of innovation and fine-tuning. These advances have been applied to remote sensing satellite
images through reduced-complexity algorithms that are compatible with on-board devices [2, 3]. Indeed,
missions such as ESA’s Phi-Sat 2 will soon be pioneering the usage of neural compression on board remote
sensing satellites [4].

Recent contributions have proposed methods for local fixed-quality compression using neural networks
for remote sensing data, presenting rate-distortion and accuracy results for rates up to 1.5 bps or 2.5 bps [5].
However in live applications target bit rates (and therefore image quality) are typically higher, so that distortion
is at the level of instrumental noise. In this contribution, models for local fixed-quality compression at high
qualities/bit rates are evaluated and visual image analysis is conducted on the artefacts. Furthermore, the
computational capacity of the method is evaluated, showing it is compatible with new-generation on-board
devices.
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1. INTRODUCTION

From the tallest of watchtowers that is Earth’s orbit, satellites gaze upon the Earth as humanity’s ultimate look-outs,
constantly gathering information from all across the electromagnetic spectrum. In the HR (High Resolution) Earth
Observation (EO) domain, instrument performance is constantly improving with higher spatial resolution in significant
swath, expanding pixel dynamic range, and growing numbers of spectral bands, resulting in higher bit rate to manage
at the output of the instrument. Threatening to negate these advances on the side of data collection, downlink capacity
improvements —both in the number of ground stations and their associated transmission time window— have not removed
transmission as a crucial bottleneck. In short, these satellites often capture data at a far higher rate than what can be directly
sent down to their operators.

Consider, for example, missions such as CNES’s Pléiades HR constellation (2011), which can generate up to 3.5 Gbit/s
of high-resolution panchromatic and multispectral data, but downlink capacity is only 465 Mbit/s [6]. Similarly, ESA’s
Sentinel 2 mission (2015) multispectral sensors acquire data at a rate of 1.3 Gbit/s, while downlink capacity is only
560 Mbit/s [7]. Less recent missions such as NASA’s Earth Observing 1 (EO-1, 2000) also serve as an example, in this
case capturing hyperspectral data at a rate of 527 Mbit/s while downlink capacity was restricted to 105 Mbit/s [8]. The
desired bit rates often cannot be achieved using lossless compression, hence lossy compression is used instead to meet those
requirements. The aforementioned Pléiades mission uses CWICOM, an ASIC implementing the wavelet transform-based
CCSDS 122.0-B-2 standard to compress the collected panchromatic data at 2.86 bits per sample (bps) and the multispectral
data at 3.33 bps [6]. The Sentinel 2 mission also uses a wavelet transform-based lossy codec, coding at a rate of 4.15 bps [7].
The EO-1 mission used the Wideband Advanced Recorder Processor (WARP), which implemented lossless Rice coding
capable of up to 1.8:1 compression ratio, insufficient to compress all the data the sensors could gather through the available
channels [9].

Controlling image quality at the receiver end is critical, especially for high-cost HR-EO missions such as Pléiades, expected
to deliver precise high-quality imagery. Traditionally, lossy compression of satellite data used fixed-rate compression,
owing to the goal of fitting the collected data through the tight bottleneck. In addition, fixed-rate compression yielded
predictable data volumes that are easier to operate. However, in recent years the global trend in high-resolution satellite
imagery has been quality-driven lossy compression: compression at a user-defined distortion target which allows to allocate
the bit rate resource where it is needed, what is referred to as fixed-quality compression [1]. Fixed-quality compression
in Earth Observation is an industry need that has been investigated in recent years, with proposals based on CCSDS
standards [1, 10].

More recent contributions have pioneered the usage of end-to-end optimised neural network codecs for fixed-quality com-
pression, achieving rate-distortion performance results surpassing those obtained by the CCSDS standards or JPEG 2000 [5].
This later contribution published results for rates much lower than those used in practice (up to 1.5 bps to 2.5 bps in different
data sources), at which the differences between reconstructions and the original are clear to the naked eye. Following that
thread, in this contribution we analyse the usage of neural networks for fixed-quality compression at the higher qualities
required from practical applications. A study of the accuracy and rate-distortion performance is conducted, as well as
expert visual analysis of the artefacts introduced by this fixed-quality compression method. Furthermore, as this is to be an
on board-compatible compression method, complexity and runtime results are also provided.

2. RELATED WORK

As described in the introduction, there are two fixed-quality compression methods [11, 10] based on the CCSDS 122.0-B-2
standard. Both methods estimate the rate or bit plane stopping point for the encoding process such that the reconstruction
achieves a given quality. We thus compare the rate-distortion performance of our method against CCSDS 122.0-B-2 and
JPEG 2000 as the reference standards. It is observed that the rate-distortion performance of CCSDS 122.0-B-2 in fixed-
quality mode should be similar or inferior to that of CCSDS 122.0-B-2 used in conventional mode. These advancements
will be deployed in future missions such as the CO3D CNES constellation [12].

The introduction of autoencoders has been a breakthrough in lossy image compression, and similar techniques have
since become the state of the art in the field. Autoencoders used in compression are neural networks with two main
parts: an encoder and a decoder. The encoder maps the input image into a latent representation, which is quantised and
entropy-coded as the compressed image. To perform this entropy coding, most models use a hyperprior, a secondary
network (also an autoencoder) which takes the latent representation as input to produce side information which can be
decoded to obtain context information parameters for the arithmetic coding of the latent representation. The decoder
performs the opposite operation to that of the encoder, mapping the latent representation into the reconstructed image.
These neural networks are all jointly trained to minimise a rate-distortion trade-off loss function, L = R(¥) + AD(x, £), where
R(9) is the bit rate of the latent representation y with some differentiable substitute for quantisation (adding uniform noise,
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soft quantisation, or one of other variants), D(x,£) is the distortion between the original image, x, and the reconstruction £,
and A is a constant regulating the rate-distortion trade-off.

Improvements on the state of the art achieved by neural-network codecs for natural image compression has generally come
at the expense of greater computational complexity [13]. This is a significant challenge for on-board compression, as
the original Ballé er al. 2018 models were already too computationally costly for on-board hardware. To address this,

several contributions have proposed reduced-complexity variants of these methods for remote sensing image compression,
compatible with an on-board implementation [2, 3].

In the rate-distortion trade-off the A parameter is a constant value set before training in the vast majority of autoencoder
architectures for compression. The model is thus optimised for a specific trade-off, so that an image is compressed at a
single bit rate. Modulation has been successfully applied to these architectures to make them capable of compression at
multiple rates [14, 15, 3]. In general terms, it consists in a secondary network (the modulation network), which maps a
parameter (in this case, A) into an array of weights that are then used to scale the outputs of one or more layers in order
to produce a different output. In the realm of multirate compression specifically, it has been found that modulating only

in the latent layer can achieve practically the same rate-distortion results as the equivalent fixed-rate models, even in
reduced-complexity architectures [14, 3].

Based on a modulated autoencoder, recent contributions have pioneered the usage of neural networks for fixed-quality
compression. Noting that modulation masks may be different across the image, a method has been proposed to predict
the A parameter to use in each latent pixel so that the reconstruction is at a target MSE [5]. This method is shown to be
generally accurate and to hold the highly competitive performance of neural networks, but it was only evaluated at bit rates
far lower than those used in real-world applications (up to between 1.5 bps and 2.5 bps).

3. FIXED-QUALITY COMPRESSION METHOD
As introduced at the end of the previous section, we use the fixed-quality compression method from [5], which in turn is
based on the reduced-complexity modulated architecture from [3], illustrated in Figure 1. The main underlying principle is

that, by using different scaling factors for different areas in the image, these areas can be compressed at different qualities
to obtain a predefined rate or, alternatively, at different rates to target a predefined quality.
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Figure 1: Architecture used for the fixed-quality method, based on the proposals from [3, 5].

The input parameter to the modulation network is the one regulating the rate-distortion trade-off, A, which on its own does
not provide any information on the rate or quality an image will be compressed at. To perform fixed-quality compression, a
statistically-derived function is proposed to predict the value of A to be used in modulation. The prediction function takes
two inputs: the target MSE, MSE, and the MSE of the reconstructed image without quantising the latent space, MSE,. The

resulting formula is
P MSE
A= - aMSEo(x) ) (1
a 4 (MSE — MSEy(x))
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Parameters a and b correspond to the linear relation between A and the magnitude of the modulation mask M =
while parameter o is derived by regression from a subset of the training set with the formula

A 1
MSE = MSEg +0MSEg —————. @)

(29[4(%))

Using (1), a A value can be predicted for each latent pixel, which in turn corresponds to a 16 x 16-pixel block in the final
reconstruction, so fixed-quality compression can be applied in regions defined in such 16 x 16-pixel regions.

3.1. Complexity analysis

The complexity of our models can be characterised by the number of floating-point operations (FLOP) it performs for every
pixel in our data. Let Np;y.;s denote the number of pixels in the input image. Given the /-th convolutional layer with N,
input features and N,,, output filters, using k x k kernels and a stride length of s;, the number of parameters introduced by

that layer will be Ny, = NinNouk* + Ny, and the number of FLOPs performed by that layer will be FLOP; = %
1=1"1

For the general divisive normalisation (GDN) [16] layers, the number of parameters and FLOP is the same as that for a

convolutional layer with kernel size 1 and stride 1. In this contribution, our models are parametrised for higher bit rates,

thus with a larger number of filters, setting N = 64 and M = 384 as in Figure 1.

The number of operations per pixel of our model, calculated as in [5], is 13,767 FLOP/pixel. This computational complexity
is only 18% more than the Alves 2021 reduced-complexity model [2] and 12% less complex than the Mijares 2023
reduced-complexity model [3], thus is compatible with currently available on-board hardware. The recent ®-Sat-1 ESA
mission, pioneering the usage of Al on board, carries the Movidius Myriad 2 [17], which can perform up to 1 TFLOP/s/W.
With that available power, our model could process 72.6 Mpixels/s. This would be more than sufficient for a mission such
as Pléiades, which captures a daily average of 27.6 Mpixels/s with a maximum acquisition rate of 375 Mpixels/s [18]. In
comparison, the Ballé et al. 2018 model, with numbers of filters aimed at lower bit rates, would be able to process only
23.4 Mpixels/s, insufficient for a mission such as Pléiades.

4. EXPERIMENTAL RESULTS
4.1. Data set

To evaluate this method, 12-bit simulated panchromatic images of 50 cm resolution are used with the same Point Spread
Function (PSF) and signal-to-noise ratio (SNR) as Pléiades panchromatic images (which are 70cm-resolution images at the
acquisition, zoomed during ground processing). This set of images has been computed from airborne 10cm-resolution
images and is representative of landscape diversity (rural, urban, industrial, coastal areas etc...). Simulation includes
convolution with Pléiades PSF and noise simulation, taking into account the Pléiades noise model. A total of 96 images are
used in training and 32 images in testing, all with size 820 x 820. More information on the Pléiades mission is available on
the ESA eoPortal [18].

4.2. Fixed-quality compression performance

The proposed fixed-quality compression method is evaluated in its accuracy in allocating quality to each block as well as
in rate-distortion performance. The accuracy of the method compares the usage of local fixed-quality compression —in
which a quality target is set for every w x h-pixel block—, with global fixed-quality compression, where a single quality
target is set for the full image. Figure 2 shows the distribution of prediction errors between local and global fixed-quality
compression. The target MSE is set to the instrumental noise (local or global), and images are compressed using local (in
blocks of 16 x 16 pixels) or global fixed quality. First, the ratio between the target and MSE and the real MSE is measured,
which is > 1 if the reconstruction was higher quality than the target, and is < 1 if it was lower quality than the target.
Second, the difference between the real peak signal-to-noise ratio (PSNR) and the target PSNR is calculated, which is
positive if the reconstruction was higher quality than the target, and negative if it was lower than the target. Similar to the
results presented in [5] local fixed-quality compression is more accurate than global fixed-quality compression at higher bit
rates and qualities.

Figure 3 depicts the rate-distortion performance of our model compared to JPEG 2000 and CCSDS 122.0-B-2. As expected
from [5], our model outperforms these conventional methods at the selected higher bit rates. Average instrumental noise
level in Pléiades data, the average target quality for lossy compression of these images, is 48 MSE. At that quality, our
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Figure 3: Rate-distortion performance of our model compared to JPEG 2000 and CCSDS 122.0-B-2.
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model compresses the test data at an average 2.77 bps, compared to the 2.83 bps of JPEG 2000 and the 3.00 bps of the
CCSDS 122.0-B-2. In other words, the proposed model can reduce data rate by 7.66% compared to the CCSDS 122.0-B-2
in fixed-rate mode.

The rate-distortion performance of our model is also evaluated in fixed-quality mode. Target MSE is set to be a constant
value for all images, locally in 16 x 16 blocks. Results shown in Figure 3 show a slight decline in performance in
comparison to fixed-rate compression, though this is not in contradiction with results reported in [5], where no significant
performance trade-off was observed. For any given image, rate-distortion performance is indeed equivalent between
fixed-rate and fixed-quality compression. However, not all images can be compressed at the same qualities using the same
model, and so if target MSE is set too high or too low for a certain image, results for that image may be subobptimal, thus
negatively affecting the average performance across the entire test set. This is in contrast with fixed-quality compression
methods proposed for CCSDS 122.0-B-2, which do negatively affect rate-distortion performance in all cases [11].

4.3. Visual image analysis

In order to verify that the compression-decompression behaves properly, a simplified visual analysis is performed. The goal
of this visual analysis is to confirm that the algorithm does not generate structured artefacts and/or any loss that can damage
visual image interpretation. For this analysis two sets of images are used: reference (noise-free) images, and those same
images with simulated instrumental noise. Noisy images are compressed using our model with local fixed-quality MSE
targets set by the instrumental noise in 16 x 16-pixel blocks, and reconstructions are compared to the reference images.
Figure 4 shows an example of the images used.

The visual analysis shows that the model does not generate structured artefacts, even in very noisy areas. These noisy areas
are modified, but the compression noise (error) is statistically random. The amplitude of the compression noise is additive
to the instrumental noise, as these are both random and independently distributed. This property is very interesting because
it means that we have a precise noise model for the compressed image, which allows to use efficient denoising method
during on ground processing. The amplitude of the compression noise depends on the local signal level. We can observe
low compression noise in darker areas (low level of signal) and higher compression noise in brighter areas.

4.4. Runtime

The encoding time of our model and the CCSDS 122.0-B-2 standard are assessed on low-power hardware. For our model
we use our own PyTorch [19] implementation for this test. For the CCSDS 122.0-B-2 standard we use an implementation
developed by GICI. Both codecs are evaluated on a Raspberry Pi 3 model B+ with an ARM64 CPU. Encoding times are
measured up to the writing to disk of the compressed data.

Our model required an average encoding time of 3.97 s per image, processing 66,031 pixels/s, while the CCSDS 122.0-B-2
standard required 1.65 s per image, or 158,875 pixels/s. As expected, the CCSDS 122.0-B-2 standard is faster than our
models, which are 60% slower than the standard. These results, however, do not consider the usage of parallelisation
devices such as GPU or TPU, which may reduce encoding time by our models beyond that of the CCSDS 122.0-B-2
standard.

5. CONCLUSIONS

A fixed-quality compression method using neural networks is evaluated for the higher bit rates that are more commonly
used in practical applications. The rate-distortion performance and fixed-quality compression accuracy of the method are
shown to be qualitatively similar to those found for lower bit rates. Furthermore, visual analysis on the reconstructed images
is conducted, finding the model does not introduce structured artefacts, and that the compression noise is independently
distributed from —and therefore additive with— the instrumental noise, allowing for efficient denoising to be performed on
the ground. Finally, the execution time of the model is compared to that of the CCSDS 122.0-B-2 standard on a low-power
device, finding the former to be 60% slower than the latter.
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Figure 4: Visual comparisons of a (left) reference image, (middle-left) the simulated noise image, (middle) the noisy image
compressed at fixed quality with local quality target equal to the local instrumental noise, (middle-right) the instrumental
noise, and (right) the compression noise, as well as detail zoom-in of several areas of the image (© CNES 2024).
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