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Abstract—The deployment of satellite mega constellations may
enable global coverage, even for direct transmission from satellite
to handheld device. Such transmissions come with increased
demands in power efficiency. The traveling wave-tube amplifier
(TWTA) in satellite payloads fundamentally limits the transmit
power and causes distortions to the transmit signal when power
efficient transmission close to amplifier saturation is desired. This
work introduces a novel joint training paradigm of constellation,
amplifier power back-off and data predistortion to maximize the
throughput of single carrier transmission over transparent satel-
lite links. The joint design is enabled by means of communication
autoencoders, where transmitter and receiver components are
adapted together to achieve the lowest bit error rate (BER). We
show how constrained constellation optimization can improve
performance on selected configurations from the broadcasting
standard DVB-S2X. Results are presented in terms of coded BER
and information rates.

Index Terms—digital predistortion, satellite communications,
constellation shaping, autoencoders

I. INTRODUCTION

Future satellite mega constellations require the manufactur-
ing of an increased number of satellites. The maximization
of throughput for transmission over the satellite payload is
therefore a crucial research question to reduce hardware cost
in satellite mega constellations [1]. The throughput can be
maximized by designing transmit signals, which operate close
to amplifier saturation with high efficiency [2], [3]. Motivated
by the need for such efficient signals, this work provides a
novel neural network-based communication chain to maximize
the throughput on satellite payloads with power amplifier
nonlinearity.

Satellite payloads are usually equipped with a traveling
wave-tube amplifier (TWTA) to amplify the signal for robust
transmission from orbit to earth. To maximize the energy effi-
ciency, the transmit signal may be optimized for transmission
close to TWTA saturation.

In such conditions, the amplifier operates highly nonlinear,
resulting in in-band and out-of-band distortions. In satellite
communications, particularly in-band distortions need to be
mitigated, as out-of-band distortions are typically limited by
an analog output multiplexer (OMUX) filter at the amplifier
output.

We develop our system based on the satellite broadcasting
standard DVB-S2X [4], as this standard provides detailed
insights into satellite channel conditions and defines dedicated
transmission schemes. More specifically, DVB-S2X defines
optimized transmit signals for different amplifier operation
points and signal-to-noise ratios (SNRs). The definition in-
cludes optimized amplitude and phase-shift keying (APSK)
constellations with their recommended amplifier input back-
off (IBO) for various modulation orders and code rates. These
so-called modulation and coding schemes (MODCODs) offer
highly reliable performance with reduced in-band distortions
for dedicated channel conditions.

Additionally, data predistortion can be applied at the trans-
mitter, which further reduces the impairments [2], [5]. Tra-
ditionally, the optimization of constellation, power back-off
and data predistortion is done separately. The optimization of
the DVB-S2X constellations was done for the additive white
Gaussian noise (AWGN) channel, which is detailed in [6]. To
find the optimal power back-off, total degradation analysis is
typically carried out [7] for a specific constellation. For the
found back-off and constellation, the amplifier distortions are
minimized by predistortion [5]. Even though DVB-S2X details
this sequential approach, the DVB-S2X documentation [4]
states, that for nonlinear channels may be jointly optimized
with nonlinear predistortion devices in the uplink station for
the selected operating point of the nonlinear channel amplifier.

To the best of our knowledge, such a joint optimization of
constellation, power back-off and predistortion has not been
proposed to date. Hence, this paper proposes a joint approach
by leveraging communication autoencoders [8], [9]. Based on
our previous work, where we optimized IBO and constellation
on a discrete TWTA channel [10], and our recently pro-
posed recurrent neural network (RNN) data predistortion [5],
we now combine these two findings to propose an RNN
autoencoder for transparent satellite payloads.

In this work, we show, how neural network training can
maximize the mutual information for satellite links by finding
the best IBO, constellation and predistortion. We present
optimized constellations with their corresponding IBO and
data predistortion and argue, that by the flexibility of au-



toencoder training, DVB-S2X baseline constellations can be
outperformed. We present our results by means of bit error rate
(BER) and achievable information rate (AIR) analysis using
the DVB-S2X low density parity check (LDPC) code.

II. SYSTEM MODEL

We consider a single carrier baseband model of transmission
over a transparent satellite payload, as depicted in Fig. 1. A
neural transceiver with weights Otx transmits symbols cy
from a bitstream b via a pulse shaping filter g(¢) with roll-off
factor « to the transparent satellite. The payload consists of an
input multiplexer (IMUX) filter, TWTA and an OMUX filter.
The signal is corrupted by AWGN downlink noise n(t) and
a receive filter, which is matched to the pulse shaping filter,
i.e., g*(—t) is applied. A neural demapper with weights Orx
estimates soft bits b from the received symbols y.
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Fig. 1: Channel model with pulse shaping, transparent payload, noise
and matched filter.

A. Transparent Payload

Transparent satellite payloads amplify the signal transmitted
from the ground station and forward it to the receiver earth
station. To do so, the payload is equipped with three main
analog components, as displayed in the channel model in
Fig. 1. First, an IMUX filter with impulse response gmux ()
filters out adjacent signals close to the useful band. The TWTA
amplifies the analog signal to ensure robust transmission to
the ground station. To cut out out-of-band radiations caused
by nonlinear operation of the TWTA, the OMUX filter with
response gomux(t) is used. The responses of IMUX and
OMUX filters are detailed in [11].

For the amplifier, we consider a memoryless nonlinearity
with amplitude and phase variations in response to amplitude
variations of an input signal x(¢):

r(t) = U(‘x(t)|)ej[¢(t)+19(|m(t)|)] (1)

where ¢(t) is the initial phase of the input signal.

The TWTA is modeled by the so-called memoryless Saleh
model [12]. The Saleh model defines the nonlinear amplitude
conversion v(a) and the nonlinear phase conversion ¥(a) as:
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As v(a) has a global maximum, i.e., a saturation point,
the TWTA is, hence, limited by a maximum input PSIE and
output power POUT. As coefficients, we choose a, = 2,
By = 1, ay = ©/3 and By = 2 within this work, which

ensures POUT =1 [5].

B. Signal-to-Noise Ratio

At the output of the satellite payload, downlink AWGN
with noise power Py = 0% is added to the signal. As the
payload output is power-limited by POUT, the effective SNR
is not only determined by the noise power Py, but by
the operation point of the power amplifier. To this end,
we define the operation point via the power back-off at

amplifier input (IBO) and output (output back-off (OBO)):

Pa PaT
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Within this work, we design the transmit signal by variation
of transmit constellation, predistortion and IBO. The variation
of these components will cause a change of the average
amplifier input power PN and hence the average power at the
amplifier output POUT, which is the effective transmit power
of the downlink signal. The effective SNR of the transmission
is, hence, defined as:

OUT
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As we train the transmitter to optimize the operation point

of the amplifier, the average power at input and output is,

however, not constant. This makes effective SNR incompatible

for performance analysis of AWGN channels with peak power
constraints.

A more appropriate SNR measure is the peak signal-to-noise

ratio (PSNR), which is defined via the maximum amplifier

output power:
pouT

PSNR = —3_, (7
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In contrast to the average power, the output power at saturation
POUT is defined by the amplifier input-output characteristic
and, hence, constant.

C. Channel Model

Maximizing the throughput in a communication channel
usually means to maximize the SNR. As the transmit power
in a power amplifier is limited by PQUT, maximizing the
SNR means to let SNR.s — PSNR. However, the nonlinear
power amplifier (1) causes nonlinear distortions, which appear
as intersymbol interference (ISI) and warping effects and
increase when SNR s — PSNR. To derive this effect, we write

the memoryless model (1) as a power series, i.e.,
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The input signal to the power amplifier x(¢) is composed by
the data symbols ci, the pulse shaping filter g(¢) and the
IMUX filter givux(t). For brevity, let g(t) = gmnux(t) * g(t)
and g(t) = g*(—t) * gomux(t). Then, the input signal reads:

x(t) =Y gt — kT). )



With that, we write the TWTA output:
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With the OMUX filter and matched filter, the signal at the
receiver y(t) will be:

y(t) = g(t) x r(t) + g (=) * n(?). (1)

We can group the output signal y(¢) into linear and nonlinear
distortions by isolating the linear term [ = 1 in (10) and taking
g(t) into account:

-1 (10)
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nonlinear distortion dnpn
(12)
Please note, that in many practical systems, the receiver
filter is only matched to the pulse shaping filter g(¢). This
means, that IMUX and OMUX filter may cause additional
linear distortions dy N at the matched filter output. The output
symbols are therefore distorted by AWGN and ISI:

Yk = y(O)|i=kr, = M1¢k + 1) + dun + dauin, (13)

with noise nj, = [~ n(t)g*(—t + 7)dr|i=pr, . The nonlinear
distortion dnpn consists of ISI and warping, which can be
derived by using Volterra theory [13]. We leave this deriva-
tion for the Saleh model up to further research. For cubic
nonlinearities, warping and ISI have been quantified this way
in [14].

The result in (12) shows, that nonlinear distortions increase,
when the power amplifier is driven close to its saturation point.
If the input signal operates close to the saturation point of
the amplifier, the values of the higher order coefficients -,
increase in the power series (12), as in this case, the slope
of (2) deviates from a linear function (compression). Hence,
the nonlinear distortion dnpn Wwill increase. The increase of
dnuin induces a trade-off between nonlinear distortions and
average output power PQUT. By increasing SNRy, dnpin is
increased as well. We can, however, optimize transmit symbols
¢, IBO and leverage predistortion to minimize dypn. For a
constant PSNR, the best trade-off between dnpin and P,SUT
can be found.

D. Communication Autoencoder

As illustrated in Fig. 1, the processing chain consisting of
transmitter, channel with payload and receiver is implemented
as a communication autoencoder [8]. An autoencoder consists

of an encoder neural network, here the transmitter, with
weights Ox (see Fig. 2), a latent space (the channel) and a de-
coder neural network, here the receiver, with weights Orx (see
Fig. 4). As explained in [9], [15], the binary cross-entropy
(BCE) loss can be used to train the weights of transmitter and
receiver jointly to maximize the bit-wise mutual information
of the transmission and, hence, the throughput.

Let N be the block size of the I-th bit vector b(;y € {0, 1}N
in a batch of size B. Furthermore, let f)(l) € [0,1]N denote
the [-th soft bit vector in the batch estimated by the receiver.
The BCE loss between b(;) and B(l) is then defined by
BCE(b(), by) =

1 N A
ﬁ[*ba) “logy by — (1 = bfy) -logy (1 —by)].  (14)

By sending batches of bit vectors through the autoencoder, the
transmitter and receiver weights Or1x, Ogrx can be trained by
minimizing
1 &
ﬁ(aTx, 0RX) =~ E ; BCE(b(l), b(l))

15)

Transmitter Model: The goal of this work is to design
the transmit signal to find the best trade-off between average
amplifier output power POUT and distortions dpn + dnpin. We
propose to design the transmit signal by a neural network,
which only manipulates the signal at symbol level. The trans-
mitter architecture is depicted in Fig. 2. The neural network
consists of a neural mapper, which optimizes the constellation
C jointly with data predistortion [5]. The data predistortion
is implemented by a bidirectional RNN, which learns the ISI
produced by the satellite payload. By leveraging the residual
connection from mapper to RNN output, we ensure, that an
inverse IST cggs is added to the nominal constellation symbols
Csatic € C, resulting in a slightly modified effective transmit
symbol cppp. The scaling block learns the IBO of the transmit
signal, as discussed in [10]. Hence, it adjusts the PN to
achieve the best trade-off between average amplifier output
power POUT and nonlinear distortions dnpin.
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Fig. 2: Transmitter model with weights Orx. The constellation C and
the IBO are trainable parameters, while data predistortion is realized
by an RNN with residual connection.

For constellation optimization, we use different constrained
optimization techniques. First, quadrant-symmetric optimiza-
tion of the constellation is analyzed. Here, only the first
quadrant C; of the constellation is trained, and mapped to
the other three quadrants to ensure constellation symmetry.
Quadrant symmetry is illustrated in Fig. 3a. This method



reduces the number of trainable parameters to M /2, where
M is the constellation size of the complex constellation,
which in total has 2M parameters, inphase and quadrature
components. Such constellations are known as non-uniform
constellation (NUC) and have been introduced in the standard
ATSC 3.0 [16].

As an alternative, we propose to train APSK constellations
in two ways. First, only the phases and radii of each ring
in a regular APSK constellation are trained. This shaping
technique corresponds to static predistortion and has been
used in [5]. As another approach, we propose to train the
radii of the rings, while allowing arbitrary phase shifts of all
points on each ring. This optimization technique is illustrated
in Fig. 3b. Training APSK constellations is motivated by
their usage in DVB-S2X due to their excellent performance
on the AWGN channel while maintaining lowered peak-to-
average power ratio (PAPR) compared to quadrature amplitude
modulation (QAM).
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(a) NUC optimization. (b) APSK optimization.

Fig. 3: Illustration of constrained constellation shaping. In NUC
optimization, only the constellation points in the first quadrant C;
are trained and then reflected at the axes. In APSK optimization,
a regular APSK is used initially, where all radii (r1, 72,73 in the
example) are optimized together with the phases of all constellation
points (the phases @32 and @36 of the third ring and second and sixth
point are highlighted as examples).

Receiver Model: The receiver is implemented as a feed-
forward neural network, as depicted in Fig. 4. By doing
so, we ensure, that at the receiver, only decision regions
for detection of the transmit symbols are learned and soft
bits b are computed from the decision regions, which are
used for evaluating the BCE loss function (15). Using a
neural network for detection has been shown to be superior
to a Gaussian detector [5], as the output symbols deviate
from a purely Gaussian distribution, as explained in [17].
Hence, ISI compensation is done exclusively at the transmitter,
and the neural demapper treats the remaining interference as
additional noise and finds the best decision regions for the
joint channel (13).

III. RESULTS

A. Simulation Setup

Within our simulations, we illustrate how the proposed
autoencoder offers a flexible and competitive alternative to
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Fig. 4: Receiver model with weights Orx. The receiver is imple-
mented by three dense layers to train a memoryless neural demapper,
which produces soft bits b from received symbols y and noise
variance o%;.

the sequential optimization from DVB-S2X. We provide in-
formation rates and BER results on specific MODCODs of
DVB-S2X. A MODCOD defines optimized APSK constella-
tions for different modulation orders M and dedicated code
rates R. The implementation guidelines of DVB-S2X [11]
state optimized IBO values and PSNR for quasi error-free
transmission on an idealized hard limiter channel with roll-
off factor o = 0.1 of the pulse shaping filter g(t).

In this section, the performance of different autoencoder
trainings on selected code rates and modulation orders is
detailed. In particular, we compare NUC constellations and
shaped APSK constellations to the DVB-S2X APSK in MOD-
CODs 20/30 (M = 256) and 4/5 (M = 64). For the DVB-S2X
constellations we train the autoencoder in two ways: first, only
the data predistortion is learned while keeping the constellation
fixed and using the IBO values recommended in [11]. This
setting corresponds to [5]. Second, we fix the constellation
but train the IBO together with predistortion.

For training, we use a batch size of B = 1024 with 5000
iterations for M = 64 and 20000 iterations for M = 256
in the first training phase. The roll-off factor a = 0.1 has
been chosen as recommended in [11]. To reach excellent
performance for all autoencoders, we train them such that
the BER is minimized for the specific R of the considered
MODCOD. Hence, we train the models in a PSNR range close
to the recommended PSNR from [11] for each MODCOD.
The recommended PSNR for R = 4/5 and M = 64 is
PSNR = 19.54dB. To achieve robustness, we first train
the autoencoder around this PSNR, i.e., for R = 4/5 and
M = 64 in the interval PSNR € [19.0,20.3]dB. In the
second training phase, we fine-tune the models on the exact
recommended PSNR = 19.54dB for 1000 iterations. We
experienced a significant improvement in performance with
this second fine-tuning phase. For R = 20/30 and M = 256
the recommended PSNR = 21.89 dB. We trained these models
on PSNR € [21.0,21.89]dB in the first phase and fine-tuned
on PSNR = 21.75 dB for 1000 iterations. The simulation setup
was built on top of the open source library Sionna [18]. The
simulation parameters are summarized in Table 1.

The BER results are based on coded transmission with the
DVB-S2X LDPC code with the considered code rates and



MODCOD B Iter. Phase 1 | Iter. Fine-Tuning | PSNR Phase 1 PSNR Fine-Tuning | PSNR quasi error-free [11] | IBO from [11]
g]d:]é/i 64 1024 | 5000 1000 [19.0,20.3] dB PSNR = 19.54dB 19.54dB 3.25dB
ﬁ:&oigg% 1024 | 20000 1000 [21.0,21.89]dB | PSNR = 21.75dB | 21.89dB 4.25dB
TABLE I: Training parameters.
APSK APSK .
5.4 APSK 4/5 ‘ Q no IBO opt. | with IBO opt. Nue Trained APSK
_ - . N B0 | 3.25dB 4.87dB 5.054dB | 5.10dB
S 5.2 —+ APSK 4/5 Trained OBO | 4.09dB 4.32dB 4.26dB | 4.39dB
2 - QESCK 45 IB/O* =45 TABLE II: IBO and OBO for M = 64 and R = 4/5.
EREE ~ 3
e o
o | 30 R-M =48 APSK APSK .
z 4.8 S no 1BO opt. | with IBO opt. | NUC | Trained APSK
= o IBO | 4.25dB 5.2dB 5.09dB | 4.99dB
< 4.6 Z OBO | 4.96dB 5.05dB 4.92dB | 4.79dB
‘ ‘ ‘ 1 ‘ TABLE 1II: IBO and OBO for M = 256 and R = 20/30.
18 18.5 19 19.5 20 20.5
PSNR in dB
For all training setups, the learned IBO and resulting OBO are
102 ii : E\E\E\E summarized in Table II for M = 64.
2
10-3 - o . ' The information rate is highest for the trained APSK of
Z Fig. 5c followed by the two configurations with the APSK
v 1074 from DVB-S2X (Fig. 5a). The NUC of Fig. 5b yields the
B s | & worst performance for this configuration. In BER performance,
10 é the optimized APSK yields the best performance as well. The
106415 : : BER does not outperform the recommended quasi error-free
. 'z performance (gray line) from DVB-S2X, which was simulated
1077 7 =2 ' : on an ideal limiter channel. In contrast, we have used the
‘ ‘ ‘ ‘ model (2), (3) and included the IMUX and OMUX filters into
19.6 %’QSIZIR . dB19.8 19.9 our simulations, which results in a more realistic and hence,
n more challenging setup, particularly for high code rates.
. D ee . . . MODCOD 20/30 Modulation Order 256: For M = 256
e e . - o Sy and code rate R = 20/30, DVB-S2X recommends the con-
Ct el St N N L '_. . .,: . stellation displayed in Fig. 6a. This constellation is an irregular
crrurr oty Y poesalr il 4 APSK, where the innermost points are not perfect circles and
L LI . ',::::,' o | [o :° .:" Tt e may have been optimized similar to NUC constellations, as
. _' e '_ . y . S _' e A 8 U the constellation shows a quadrant symmetry. To optimize an
il Tt trt APSK constellation with arbitrary phase shifts, we initialized
with a different constellation. For M = 256, a regular APSK is
(@ APSK MODCOD (b) NUC. (c) APSK trained based  for M = 256 defined under MODCOD 116/180 in DVB-S2X.

4/5 DVB-S2X. on MODCOD 4/5.

Fig. 5: AIR, BER and trained constellations for R = 4/5 and M =
64.

frame length N = 64800.

B. Bit Error Rates and Information Rates

MODCOD 4/5 Modulation Order 64: In Fig. 5 we show
AlIRs, BER and used constellations for R = 4/5 and M = 64.
The recommended IBO from [11] is IBO = 3.25dB. We use
this IBO as the initial value for training of the power back-off.

This 256 APSK has 8 rings and 32 points per ring, where we
optimize radii of each ring and phases of each point. The result
is displayed in Fig. 6¢. The performance of the trained APSK
is inferior to NUC and the constellation from DVB-S2X, in
contrast to the prior analysis for M = 64 and R = 4/5. This,
and the fact that Fig. 6a is not a regular APSK indicates, that
regular APSK constellations may not be ideal for R = 20/30
and M = 256. In contrast, the autoencoder with NUC
optimization (Fig. 6b) yields a constellation with competitive
performance to the DVB-S2X constellation (Fig. 6a). The
best performance in BER is, however, found for the DVB-
S2X constellations with optimized IBO. For M = 256, the
optimized IBO and resulting OBO are summarized in Table III.
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Fig. 6: AIR, BER and trained constellations for R = 20/30 and
M = 256.

IV. CONCLUSION

This work proposed a concept to jointly train constellations,
power back-off and predistortion for efficient transmission
over transparent satellite transponders. By means of commu-
nication autoencoders, the transmitter is adapted to the power
amplifier to maximize the transmit power while minimizing
the nonlinear distortions caused by amplifier saturation. We
have shown how different constellation shaping schemes im-
prove the performance compared to the recommended APSK
constellations from the satellite broadcasting standard DVB-
S2X. The goal of this work was to show how neural networks
can contribute to maximize the throughput of transmissions
over satellite payloads.
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