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Abstract— Multichannel synthetic aperture radar (MC-SAR)
allows for high-resolution imaging of a wide swath (HRWS),
at the cost of acquiring and downlinking a significantly larger
amount of data, compared with conventional SAR systems. In this
letter, we discuss the potential of efficient data volume reduction
(DVR) for MC-SAR. Specifically, we focus on methods based
on transform coding (TC) and linear predictive coding (LPC),
which exploit the redundancy introduced in the raw data by the
finer azimuth sampling peculiar to the MC system. The proposed
approaches, in combination with a variable-bit quantization,
allow for the optimization of the resulting performance and
data rate. We consider three exemplary yet realistic MC-SAR
systems, and we conduct simulations and analyses on synthetic
SAR data considering different radar backscatter distributions,
which demonstrate the effectiveness of the proposed methods.

Index Terms— Data volume reduction (DVR), multichan-
nel (MC) synthetic aperture radar (SAR), raw data
quantization, SAR.

I. INTRODUCTION

SYNTHETIC aperture radar (SAR) represents nowa-
days a well-established technique for the weather-

and daylight-independent observation and monitoring of the
Earth’s surface. Conventional, single-channel SAR is con-
strained by the well-known limitation on the pulse repetition
frequency (PRF) for the achievement of a wide swath width
and, at the same time, of a fine azimuth resolution. In this
scenario, the use of multiple receiving apertures, mutually
displaced in the along-track dimension, allows for achieving
high-resolution wide-swath imaging by means of coherent
combination of the individual received signals and proper
suppression of the ambiguous parts of the Doppler spectra [1],
[2]. Such a significant improvement of system capabilities
comes at the cost of an increased complexity for the design and
realization of a multichannel SAR (MC-SAR), with respect
to a single-channel system, together with the generation of a
considerably larger volume of data, hence leading to demand-
ing requirements on onboard memory and downlink capacity.
In this scenario, it becomes clear that an efficient compression
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of the SAR raw data represents a task of paramount importance
for the design and implementation of MC-SAR missions.

Block-adaptive quantization (BAQ) [3] is the most widely
used scheme for SAR data compression and, more recently,
novel methods, always grounding on the principle of BAQ,
have been suggested. These allow for an improved resource
and performance optimization, as the FDBAQ proposed in [4]
and the PO-BAQ in [5], and can be combined with the
implementation of noninteger data rates [6]. Together with the
development of novel SAR system architectures, in the last
years efficient data volume reduction (DVR) methods have
been proposed, such as the compression scheme based on
transform coding (in the range spectrum) introduced for the
frequency scan mode in [7], as well as the linear predictive
coding (LPC)-based approach for single-channel SAR raw
data compression in [8] and [9], with the aim of exploit-
ing the significant azimuth oversampling exhibited by such
systems. In the context of MC-SAR, it is worth mentioning
the data-driven approach based on the principal component
decomposition [10], while the method in [11] makes use of
the redundancy among the MC azimuth samples by means of
a discrete Fourier transform (DFT) in combination with an
optimized bitrate allocation.

In this work, we investigate opportunities and challenges for
efficient DVR in MC-SAR. This letter is organized as follows.
Section II describes the simulations for the MC data analysis,
while Section III presents approaches for efficient DVR for
MC-SAR systems. The two considered methods ground on
the transform coding (TC)-based method as in [11], and on the
LPC paradigm as in [8] and [9]. We investigate the TC- and
LPC-based methods in the context of three MC-SAR mission
scenarios, and we discuss suitable metrics (autocorrelation,
Doppler power spectrum) to assess the properties of the SAR
raw signal, together with relevant system parameters impacting
the potentials for data compression for MC-SAR. The results,
in terms of DVR with respect to the state-of-the-art BAQ
method, are presented in Section IV. Finally, conclusions and
an outlook are provided in Section V.

II. ANALYSIS OF MULTICHANNEL SAR DATA

In this section, we present the MC raw data analysis using
simulated and synthetic data from TanDEM-X.

A. Raw Data Simulations

We consider an MC-SAR system equipped with N receiving
subapertures separated in the along-track dimension by a
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Fig. 1. Backscatter profiles taken from TanDEM-X acquisitions used for the
MC-SAR raw data generation taken from the urban area of Mexico City.

distance dx , such that the azimuth antenna length is expressed
as La = N ·dx . The sensor flies at velocity vs and transmits a
chirp pulse at PRFTx. If the uniform sampling condition holds

PRFTx =
2vs

La
(1)

then the resulting system is equivalent to a single-channel SAR
with an effective PRFeff = N · PRFTx and conventional SAR
processing can be applied. However, in most cases, due to
timing constraints, PRFTx must be selected so that (1) is not
fulfilled and N (subsampled) channels need to be properly
combined to reconstruct the unambiguous Doppler spectrum of
the nonuniform azimuth data [1], [2]. As a result, the Doppler
bandwidth of the reconstructed MC signal is larger than the
transmit PRFTx, and so a finer azimuth resolution is achieved
with respect to a corresponding single-channel SAR operating
with the same antenna length La and PRFTx. In this way, MC-
SAR is able to image a swath width in the order of 100 km
or more with an azimuth resolution down to 1 m [2], [12].

We have generated MC-SAR raw data using a homoge-
neous backscatter profile, where the power level (variance)
of the complex, normally distributed signal is kept constant.
In addition, we consider real backscatter profiles from single-
look TanDEM-X SAR acquisitions. As an example, Fig. 1
depicts the azimuth profile taken from the area of Mexico City,
characterized by urban settlements and rugged topography.
In particular, we focus on the azimuth dimension only because
of the above-mentioned peculiarities of an MC-SAR, which
has high potential for efficient data compression, while in
the range dimension the signal properties are in principle
similar to the ones of a conventional SAR, hence allowing for
limited opportunities for DVR. The azimuth profiles are used
to generate, by means of inverse SAR focusing, the N raw data
streams, which are then quantized using different compression
approaches (i.e., state-of-the-art BAQ as well as TC- and LPC-
based schemes). Finally, MC reconstruction, SAR focusing,
and performance assessment are carried out.

III. DATA VOLUME REDUCTION METHODS

We now recall and investigate the approaches for DVR
to exploit the existing correlation/oversampling among neigh-
boring azimuth samples in MC-SAR: first, we examine the
applicability of the Doppler-based TC approach proposed

in [11]. Second, we investigate LPC for MC-SAR by applying
the method presented in [8] and [9] in the context of single-
channel SAR. Preliminary considerations and developments
have been presented by Martone et al. [13], while in this
letter we provide more detailed discussions and results, also
focusing on the relevant descriptors and parameters impacting
the achievable DVR.

A. Doppler-Based TC

Following the approach proposed in [11], and referred to
as MC-BAQ in the following, the MC-SAR raw data are
decomposed by means of a nonadaptive DFT. That is, each
MC azimuth raw data block is transformed into the Doppler
domain, and then an optimized allocation of the quantization
rates is applied to the transformed coefficients, which allows
for an increase in the resulting performance for a preselected
data rate. For this method, the Doppler power spectrum Pu( f ),
which describes the signal power distribution among the N
azimuth channels, provides information about the achievable
coding gain and data compression. In particular, the contribu-
tion of the nth channel σ 2

n is evaluated as [11]

σ 2
n ∝ Pn

∫ PBW/2

−PBW/2

∣∣∣∣∣∣
sin

(
π N f +PRFeff·(N/2−n)/N

PRFeff

)
sin

(
π

f +PRFeff·(N/2−n)/N
PRFeff

)
∣∣∣∣∣∣
2

d f (2)

being f the Doppler frequency. The above equation shows
that σ 2

n is proportional to the square of the Dirichlet kernel
of the DFT integrated over the processed bandwidth PBW
and scaled by the power associated with the nth transformed
coefficient Pn , the latter representing the contribution of the
antenna pattern in the corresponding portion of the Doppler
spectrum. If the PRF is larger than the processed band-
width PBW (i.e., the oversampling factor o f = PRFeff/PBW
is sufficiently large), then the existing redundancy between
subsequent azimuth samples can be suitably exploited by
applying the method in [11]. According to this, the achievable
DVR is mostly impacted by the following system parameters:
antenna pattern shape (and, in turn, La , radar wavelength), the
number of azimuth channels N , and oversampling factor o f .
Moreover, the target azimuth resolution δa, being related to the
PBW, also directly influences the achievable data compression
performance.

B. Linear Predictive Coding

We implement the LPC and quantization for DVR in
MC-SAR according to the method in [8] and [9] in the context
of single-channel SAR. For this purpose, we consider a filter
with prediction order P = [1, 2, 3] in the encoding and
decoding scheme. Furthermore, we assume that the LPC is
restarted for every azimuth block, which means that the first
sample is encoded “as is,” and then the prediction order P
is increased every sample until the target P is reached [9].
In this context, the proposed LPC method can be applied for
uniform and nonuniform PRF in the same way.

The achievable coding gain G P can be derived in closed
form based on the autocorrelation values, which describe the
spatial coherence and second-order redundancy of a signal and
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Fig. 2. SQNR derived for the HRWS C-band system and the homogeneous backscatter profile quantized with a BAQ (in red), and with the method in [11],
as a function of the average quantization rate and for (a) δa = 3 m and (b) δa = 10 m. (c) DVR (in %) for all simulated profiles and azimuth resolution
values.

are related to the specific system [9]. In general, the autocor-
relation Rx (τ ) is derived as the inverse Fourier transformation
of the raw data power spectral density Pu( f ) as a function of
the time lag τ . In case of a rectangular antenna aperture, the
azimuth autocorrelation is expressed as

Rx (τ ) = F−1

{
sin4

(
π

La

2vs
f
)/(

π
La

2vs
f
)4

}
(3)

being F−1 the inverse Fourier operator and BR = 2vs/La

the 4-dB bandwidth of Pu( f ). One should be aware that (3)
assumes that the Tx and Rx patterns are the same: in most
cases this does not apply to MC-SAR systems, which typ-
ically use the full antenna aperture length together with an
appropriate phase spoiling to shape the Tx pattern to optimize
the azimuth ambiguity ratio.

For a discrete signal, corresponding to the azimuth SAR
raw data signal x[m], Rx (k) can be estimated as a function of
the sampled time lag k as

Rx (k) =

∑M−1
m=0 x[m] · x∗

[m + k]∑M−1
m=0 |x[m]|2

(4)

where M is the number of signal samples and ∗ indicates the
complex conjugate. In this work, Rx (k) is estimated assuming
a uniformly sampled MC-SAR signal (i.e., the condition in (1)
holds), while it is worth highlighting that in general, potential
correlation and redundancy in the data can be exploited only
within the N -channel azimuth data block. If the MC signal
exhibits sufficiently large autocorrelation for small k > 0,
in addition to LPC, more elaborated schemes such as meth-
ods based on the PCA [10] or the JPEG2000 compression
standard [14] could be exploited.

By considering the expression in (3), the azimuth autocor-
relation (and so the achievable DVR) is determined by the
antenna pattern shape (azimuth length, carrier frequency), the
number of azimuth channels N , and the PRF. Potential corre-
lation introduced by the statistical properties of the backscatter
(i.e., nonfully developed speckle case) may also affect the
distribution of Rx (k).

IV. RESULTS AND DISCUSSION

In this work, we investigate three MC-SAR system exam-
ples, whose relevant parameters are summarized in Table I.

TABLE I
MC-SAR SYSTEM PARAMETERS

These describe realistic scenarios for future MC-SAR missions
at different radar frequencies, such as the ROSE-L [15] or
high-resolution imaging of a wide swath (HRWS) systems at
the C- and X-band.

The signal-to-quantization noise ratio (SQNR) is used
as reference performance metric and is defined as
SQNR = σ 2

x /σ 2
q , where the numerator and denominator

represent the power (variance) of the uncompressed signal
x and the quantization error q , respectively. The latter is,
in turn, defined as q = x − xq , being xq the quantized signal.
The SQNR can be related to SAR and InSAR performance
measures, such as the total SNR or the interferometric
coherence [5]. For the sake of brevity, performance plots are
not shown for all systems but only for selected scenarios,
while other cases are commented and summarized in the text.
In particular, one should be aware that for the two proposed
approaches (TC- and LPC-based), their DVR capabilities
are actually influenced by different system parameters:
for the TC-based method, the azimuth resolution and the
oversampling factor are directly impacting the achievable
DVR, while for the LPC-based its performance is principally
determined by the autocorrelation of the azimuth raw data,
which explains why different parameters and representations
were considered for the analysis of the two methods.

The results of the TC-based SAR data compression based
as in [11] are summarized in Fig. 2, which shows the SQNR
achieved by the proposed method (in green) with respect
to a standard BAQ (in red) for the HRWS C-band system.
Fig. 2(a) reports the case for δa = 3 m, resulting in a DVR
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Fig. 3. SQNR profiles for different quantization schemes (BAQ and first-order
DP-BAQ as in [9]) and bitrate (3 and 4 b/s), depicted with different colors,
for a backscatter profile over the urban area of Mexico City (shown in black).
The X-band HRWS multichannel system is considered for (a) N = 4 and
(b) N = 8 channels.

of about 15%, while Fig. 2(b) shows the significant gain for
δa = 10 m, which is of about 40%. Fig. 2(c) depicts the
DVR (in %) for the HRWS at the C-band, for the different
simulated profiles as a function of the azimuth resolutions,
and a significant increase in DVR can be observed for coarser
target azimuth resolutions (i.e., larger oversampling o f ). The
different DVR values observed for the 10-m resolution case
shows the different impact of the backscatter distribution
on the resulting performance degradation—as higher (lower)
SQNR is observed for the homogeneous (Mexico City) profile,
respectively—for the two quantization schemes (BAQ versus
MC-BAQ). For the other two considered systems (L- and
X-band in Table I), we obtain a comparable performance, with
DVR ranging between 5% and 50% for the fine (δa = 1.5 m)
and coarse (δa = 10 m) resolution case, respectively.

We now focus on the applicability of LPC for MC-SAR,
by implementing the dynamic predictive (DP)-BAQ proposed
in [9] in the context of staggered SAR systems. Fig. 3 shows
the SQNR for the HRWS X-band system for the case of (a)
N = 4 and (b) N = 8 channels evaluated over the Mexico
City profile (in black, right y-axis). The BAQ and the proposed
DP-BAQ for 3 and 4 b/s and P = 1 are reported with different
colors, and a data reduction of about 25% up to more than
50%, for the cases Fig. 3(a) and (b), respectively, is observed.

Table II summarizes the DVR for the considered systems
and highlights the potential especially for the X-band HRWS
system, where a DVR up to about 50% is achieved, at the cost
of a modest additional computational burden (for this analysis,
we have considered a prediction order P = 3). The large
differences in terms of DVR (also considering the negligible
values for the C-band HRWS and limited DVR for the ROSE-
L-like system) are due to the varying oversampling factors and

TABLE II
DVR (IN % WITH RESPECT TO 4-bit BAQ) USING LPC WITH A PREDIC-

TION ORDER P = 3 FOR THE MC-SAR IN TABLE I

to the specific azimuth antenna pattern shape, which impacts
the resulting autocorrelation values (reported for k = 1, 2,
and 3 for the homogeneous backscatter profile in the first
row of the table). In conclusion, we have demonstrated that
the two proposed methods may achieve significantly different
performance in terms of DVR depending on the specific
system configuration (as an example, the performance of the
TC-based method strongly depends on the target azimuth res-
olution, a parameter which does not influence the performance
of the LPC-based method). For this reason, a comparative
analysis of the two methods is not straightforward, and each
approach needs to be assessed specifically for the system under
consideration.

One comment of the anonymous reviewer pointed out the
necessity of investigating the impact of the spatial nonuniform
sampling and of the amplitude–phase imbalance [16] between
the azimuth channels on the achievable DVR. For nonuniform
sampling, we have chosen realistic PRF values for the systems
under consideration and we have implemented the MC recon-
struction according to the method in [1]. Furthermore, we have
considered a “light” and a “strong” case for the imbalance, and
for this we have assumed deterministic values in the simulation
which are kept constant for the whole SAR acquisition. The
parameter values used for the present simulations are summa-
rized in Table III. According to these, for the “light” imbalance
case, the standard deviation is σGe ≈ 4% and σϕe ≈ 7.5◦,
while for the “strong” imbalance case the standard deviation
is σGe ≈ 15% and σϕe ≈ 36◦, respectively. The impact of
nonuniform sampling and amplitude/phase imbalance on the
TC-based (MC-BAQ) compression performance is illustrated
in Fig. 4 for the HRWS X-band system (N = 8 channels,
δa = 3 m, homogeneous backscatter). Here, the SQNR as
a function of the quantization rate is shown for different
compression schemes and scenarios: with respect to the refer-
ence case (i.e., uniform sampling, no imbalance, depicted in
green), a worsening of more than 5 dB is observed for the
nonuniform and “strong” imbalance case, depicted in pink,
leading to a significant loss in terms of the achievable DVR.
The performance obtained by BAQ (in red) is not affected
by the described effects, while the worsening in performance
for the TC-based method is due to the changes introduced by
the amplitude and phase imbalances in the resulting Doppler
spectrum, such that the (predefined) bitrate allocation does not
reflect the actual spectral power distribution [11]. We have
carried out the same analysis for the HRWS C-band case (δa =

3 m, homogeneous backscatter) and consistent results were
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TABLE III
PARAMETERS USED FOR ASSESSING THE IMPACT OF NONUNIFORM SAM-

PLING AND AMPLITUDE/PHASE IMBALANCE

Fig. 4. Impact of nonuniform sampling and amplitude/phase imbalance on
the TC-based (MC-BAQ) compression performance for the HRWS X-band
multichannel system (N = 8, δa = 3 m) compared with BAQ. SQNR as
a function of the bitrate for different sampling and imbalance conditions
(reported in Table III), depicted with different colors.

obtained, with the performance of the TC-based compression
method (MC-BAQ) being significantly affected in the presence
of the “strong” imbalance case only. Finally, we have assessed
the described effects on the LPC-based method for the HRWS
X-band system (N = 4). The results confirm that a significant
performance loss is obtained for the “strong” imbalance case
and, in particular, the use of high prediction order (P = 4)
results in a larger degradation, which is due to the less accurate
estimation of the azimuth autocorrelation function affecting the
filter weights’ derivation [9].

V. CONCLUSION AND OUTLOOK

In this letter, we investigated opportunities and limitations
for DVR in MC-SAR. We proposed convenient data reduction
strategies, aiming at exploiting the existing correlation in the
azimuth raw data stream. We introduced relevant parameters
to assess the potential for DVR of the MC raw SAR signal
and we focused on three system examples. We conducted
simulations and suggested suitable approaches for DVR for
the MC-SAR systems based on Doppler-based TC [11] and
on LPC [8], [9]. We discussed the impact of relevant sys-
tem parameters and assessed the achievable data reduction
with respect to standard BAQ, demonstrating the suitabil-
ity of the proposed methods for specific MC-SAR confi-
gurations. In future studies, we aim at conducting end-to-end

performance evaluation on SAR/InSAR performance (i.e., not
limited to quantization degradation only), together with an
assessment of the nonlinear and signal-dependent impact of
SAR compression on different quality measures (e.g., detec-
tion, phase), also investigating the potential of the proposed
methods for multistatic SAR systems.
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