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Abstract

In the last decades, SAR missions have been proposed in the framework of interplanetary exploration, featuring the on-
board generation of higher-level products, such as SAR interferograms. However, the limited down-link capacity of the
satellites has posed significant challenges, thus motivating the development of efficient on-board compression strategies.
In this work, we present a novel deep-learning approach, through the implementation of a Convolutional AutoEncoder
(CAE), which allows for the joint denoising and compression of the interferometric (InSAR) phase. The proposed net-
work is trained and tested using synthetic datasets, derived starting from real TanDEM-X observations and assuming
corresponding InSAR acquisition geometries and underlying topography. Results are assessed against a combination of
boxcar filtering and JPEG 2000 compression, which reflects one of the possible strategies reported in the literature. In
particular, we focus on three different performance metrics, i.e. denoising capability, data volume reduction and preser-
vation of high-resolution details, thus showing the enhanced flexibility of the proposed methodology with respect to a

state-of-the-art baseline method.

1 Introduction

Synthetic Aperture Radar Interferometry (InSAR) is a key
technology in Remote Sensing, providing unparalleled sen-
sitivity from space for multiple applications, above all Dig-
ital Elevation Model (DEM) generation and deformation
monitoring. This capability relies on the phase difference
between two SAR acquisitions, acquired from two differ-
ent positions or at different times. However, as SAR imag-
ing is degraded by several noise sources, denoising strate-
gies are crucial in order to properly estimate InSAR pa-
rameters. Beside the standard approach, i.e., boxcar filter-
ing [1], consisting of an averaging operation over a sliding
window, several strategies can be found in the literature,
ranging from non-local filters [2, 3, 4, 5] to Convolutional
Neural Networks (CNN) [6, 7, 8]. In the framework of in-
terplanetary exploration, SAR has already been exploited
for several missions, especially on Venus, such as Venera
15 & 16 [9] and Magellan [10], paving the way to more re-
cent ones, like VERITAS [11]. Here, on-board InSAR pro-
cessing has been proposed in the context of a global Digital
Elevation Model (DEM) generation, with the interferomet-
ric phase being of primary interest [12]. However, given
current technologies and the limited down-link capacity of
the satellites, the definition of effective on-board compres-
sion strategies has become a crucial aspect for such mis-
sions.

In this sense, we propose a deep-learning-based technique
to jointly denoise and compress the interferometric phase
on-board. While Convolutional AutoEncoders (CAE) are
a well-established tool in computer vision and have been
already successfully applied to SAR backscatter, e.g. in
SAR despeckling [13], their application to InSAR phase
is far less studied. Therefore, this work explores the use
of a CAE to handle the wrapped interferometric phase,

with the goal of achieving joint denoising and compression
within a single end-to-end trainable pipeline. The network
is trained in a supervised manner using a synthetic dataset,
derived by exploiting real TanDEM-X data together with
corresponding InSAR geometries and underlying topog-
raphy. Such an architecture is naturally divided in two
parts: an encoder and a decoder. By placing the former
on-board the satellite and the latter on ground, data com-
pression is achieved, as the transmitted latent space is sig-
nificantly smaller in size than the original data. The pro-
posed architecture is designed in a parametric way, thus al-
lowing for hyper-parameter tuning. A family of models is
trained targeting three different performance metrics: de-
noising capability, compression ratio and high-resolution
detail preservation. Results are then compared to a more
traditional method, i.e., a combination of boxcar filtering
[1] and JPEG 2000 compression [14], which will be re-
ferred to as the baseline approach in this study.

This paper is structured as follows: in Section 2 we present
the proposed methodology, from dataset generation to test-
ing; in Section 3 we present and discuss the results; conclu-
sions and outlook on future activities are drawn in Section
4.

2 Methodology

In this section we present the framework developed in the
current work. First, we address the dataset generation part.
Then, we introduce the baseline/comparison method, con-
sisting of boxcar filtering and JPEG 2000 compression. Af-
ter that, the proposed Convolutional AutoEncoder architec-
ture is presented, together with the corresponding hyper-
parameter tuning. Finally, we discuss the considered per-
formance metrics: denoising capability, compression ratio
and high-resolution detail preservation.
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Figure 1 Proposed autoencoder architecture. The upper part corresponds to the encoder part, while the lower one to
the decoder. Each layer is a block, with arrows indicating the dimensionality of the input and output tensors. Note that
the encoder/decoder stages consist of 2D convolutions followed by a pooling/up-sampling operation, which reduces/in-

creases the output spatial dimensionality.

2.1 Dataset

In this work we rely entirely on synthetic interferograms,
generated starting from real TanDEM-X quantities and by
considering the actual InSAR geometries together with the
corresponding topography on ground. The complex inter-
ferogram I' is given by:

I'=225 (D

where z;, for i € [1, 2], are the single-look-complex (SLC)
pair and * denotes the complex conjugate operator. The
single SLCs can be defined as:

Zi=ci+n @)

where ¢; is the noise-free contribution and n; the additive
noise term. Both ¢; and n; are modelled as complex Gaus-
sian random processes taking advantage of the Cholesky
decomposition of the covariance matrix, similarly as it was
done in [3, 4, 5, 6].

2.2 Baseline method

Below, we introduce the baseline method used for compar-
ison purposes.

As far as phase denoising is concerned, we employ a box-
car filter, consisting of an averaging operation over a slid-
ing square window. Note that denoising is achieved at
the cost of spatial resolution, thus directly impacting the
obtained compression rate as well. In particular, differ-
ent windows are considered in order to investigate differ-
ent trade-offs between denoising and compression perfor-
mance.

Moreover, we compress the denoised phase by exploiting
the JPEG 2000 standard, being the basis of the recom-
mendation on Image Data Compression of the Consultative
Committee for Space Data Systems (CCSDS) [14]. Multi-
ple JPEG 2000 outputs, with different compression ratios,
are produced, ranging from lossless to one fifth of the un-
compressed size.

2.3 Autoencoder architecture and hyper-
parameter tuning

Below, we describe the proposed Convolutional AutoEn-
coder (CAE) architecture. Note that it is defined in a para-
metric way, so that different trade-offs between denoising,
compression and high-resolution detail preservation can be
investigated. The autoencoder peculiarity consists in the
separability of the encoder and decoder parts, thus allow-
ing, e.g., for placing the former on-board a satellite and
the latter on ground. Note that, as the encoder reduces the
spatial dimensions of the input, while the decoder recon-
structs it in the output by exploiting standard up-sampling
techniques, the original high-resolution spatial details are
partially lost.

Figure 1 shows the considered parametric architecture:
each layer is represented by a block, with the arrows in be-
tween reporting the dimensionality of the flowing tensors;
the encoder is displayed on the upper part of the figure,
while the decoder on the lower part. The encoder output is
called latent space; it is a compressed representation of the
original input data and corresponds to the signal that has to
be down-linked to ground. Note that a further compression
is achieved using the DEFLATE algorithm [15].

All layers contain at least a bi-dimensional convolution,



which is followed by a pooling operation in the encoder
stages and by an up-sampling in the decoder ones. The
parameters that control the generated models are the fol-
lowing:

1. N is the number of encoder stages, which is also equal
to the decoder ones, giving the autoencoder symme-

try;

2. C} is the number of output channels of the k" con-
volutional block of the encoder. It is computed as
Cr = |MCy—1], with M being a settable hyper-
parameter.

3. F is the number of channels in output from the en-
coder’s penultimate convolution, which is the same
throughout the decoder.

4. H is the number of channels of the latent space.

Note that N is proportional to the amount of pooling op-
erations, thus controlling the spatial dimensionality of the
latent space. On the other hand, H controls the features
space, as it sets the number of output channels. Therefore,
for a patch of n,, pixels in azimuth and n,, pixels in range,
the compression ratio, except for the DEFLATE contribu-
tion, is fixed for given N and H, with the latent space shape
being: [2% 4% HJ.

2.4 Training

The utilized dataset comprises 75367 patches with size
equal to [256 x 256]. Note that 80% of the patches are
used for training, while the remaining 20% for validation.
The considered loss function is defined as:

L= "h(pi)|erril + 12w} 3)
i k

with ¢ being the phase error, h(p) a shifted logistic func-
tion dependent on the coherence magnitude p and | - | the
absolute value operator. Also, wy, indicates the network’s
weights while /5 is a L2-regularisation factor, which is em-
pirically set to 10~7. The phase error ¢ is defined as:

Fout
¢err =Z (Fref> (4)

where I'ie and T’y correspond to the desired noise-free
and noisy complex interferograms, respectively, while £
indicates the phase operator.

2.5 Performance metrics

In order to assess the performance of the proposed method-
ology, we consider three different performance aspects:
denoising capability, compression ratio and preservation
of high-resolution details. A detailed explanation of the
utilised metrics is reported in the following list:

1. The Standard Deviation of the Phase Error (o ¢,err)
across all test scenes is used as indicator for the de-
noising performance. It is defined as:

m 7 2
Tperr = \/Zi_1 ers = ) )]

m—1

with ¢ being the mean phase error and m the total
number of pixels from the whole test dataset.

2. The achieved compression ratio is evaluated using the
Bits Per Original Pixel (BPOP) metric. This repre-
sents the number of bits used by the compressed la-
tent space with respect to the number of pixels in the
input data.

3. In order to assess the amount of preserved high-
resolution details in the autoencoder output, a cus-
tom procedure is utilised. This involves Fourier trans-
forming the desired noise-free reference phase and
applying ellipsoidal Gaussian filters, which remove
increasing fractions of the frequency content. After
an inverse Fourier transform, the filtered version of
the reference with the lowest o . With respect to
the decoder reconstruction determines the percentage
of preserved spatial details. Note that this procedure
produces consistent results with the baseline method,
where the expected preserved resolution is inversely
proportional to the boxcar window size.

3 Results

As explained in Section 2.5, we assess the performance of
the proposed method in terms of denoising capability, data
volume reduction and high-resolution detail preservation.
Some results are shown in Figure 2. First, we focus on
the baseline performance, for all considered boxcar win-
dow sizes; as expected, a better denoising is achieved at
the cost of spatial resolution. Indeed, when increasing the
window size, the phase error decreases, while, on the other
hand, less resolution is preserved. Also, bigger windows
lead to higher compression ratios. The four points corre-
sponding to each boxcar filter refer to different JPEG 2000
compression ratios, ranging from lossless to one fifth of the
uncompressed data size, as explained in Section 2.2. As far
as the proposed methodology is concerned, we show here a
subset of the trained models, divided in three groups, each
of which is tuned on a specific performance metric. Note
that we also provide an additional group of models which
targets good compromises between all three performance
measures. All these 24 models are efficient according to
the Pareto definition, meaning that no other model en-
hances any performance metric while matching the remain-
ing ones. It is worth mentioning that the proposed autoen-
coder allows for a higher overall flexibility compared to the
baseline method, since we can now explore the whole per-
formance space by tuning specific hyper-parameters dur-
ing training. For example, a better denoising is expected
at the cost of data volume reduction (yellow squares); also,
in these cases, the corresponding models are among the
best at spatial details preservation, eclipsed only by those
optimised for this specific task (purple squares). On the
other hand, the best hi-res details preservation is achieved
at the cost of phase denoising capability, similarly to, e.g.,
a [3 x 3] boxcar filter. Moreover, the CAE allows for an
overall good trade-off between the three performance mea-
sures, even if tuning the network for the compression task
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Figure 2 Graphical representation of the proposed autoencoder performance with respect to the three investigated per-
formance metrics, i.e., Standard Deviation of the Phase Error (lower is better), Bits Per Original Pixel (lower is better)
and Preserved high-resolution Details percentage (higher is better). The squares represent four sets of trained autoen-
coder models: three are tuned in order to optimise a specific performance metric, while the last one refers to the best
performance trade-offs. As comparison, circles indicate the baseline method, with different colors assigned to different
boxcar window sizes. Moving on the dashed boxcar lines, different JPEG 2000 compression ratios are encountered: 1

(lossless), 2, 3, 5.

only (cyan squares). Finally, the compromise solutions
(brown squares), show the best performance trade-offs and
are valid competitors to the considered baseline approach.
In order to take a closer look at the InSAR phase estimated
by the decoder, we select the top models from the four
groups in Figure 2, i.e., cyan, yellow, purple and brown
squares. For each of them, the corresponding InSAR phase
reconstruction (zoom-in) is provided in Figure 3, along
with the original synthetic noise-free and noisy phases.
Moreover, the figure shows two baseline methods as well,
i.e., boxcar [5 x 5] and [7 x 7], with a JPEG 2000 com-
pression ratio of 2. Note that the corresponding denoising
performance is consistent with the above discussion of Fig-
ure 2.

4  Conclusion and outlook

In this paper we proposed a novel deep-learning-based
methodology for the joint denoising and compression of
the interferometric (InSAR) phase, in the framework of on-
board InSAR processing for future interplanetary missions.
The method relies on the definition of a Convolutional Au-
toEncoder (CAE), which allows for placing the encoder
on-board the satellite and the decoder on ground. Synthetic
interferograms, generated starting from real TanDEM-X
observations and assuming corresponding InSAR geome-
tries and underlying topography, were used throughout
training and testing. Also, we conducted a hyper-parameter
tuning on different settings, such as network depth and
number of channels/features in the resulting latent space.
In order to assess the effectiveness of the proposed strat-
egy, we investigated three different performance metrics:
denoising capability, data volume reduction and preserva-
tion of high-resolution spatial details. Moreover, we com-

pared the achieved results to a more traditional state-of-the-
art procedure, consisting of a combination of boxcar filter-
ing and JPEG 2000 compression. The presented results
look promising and have shown already a higher overall
flexibility with respect to the baseline method, in terms of
performance scalability, even if they do not excel in com-
pression.

Further investigations shall compare the computational
costs of the proposed CAE-based approach against the
baseline method, as a first step towards implementation.
Moreover, a complete assessment on final generated DEMs
will be required. Lastly, the proposed CAE could be ex-
tended to encode the interferometric coherence as well,
thus enhancing the corresponding compression gain rela-
tive to the most common baseline strategies.
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