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2 Universitat Autònoma de Barcelona (UAB), IEEC-CERES, Barcelona, Spain

Email: joaquin.ganez@gmail.com, jose.salcedo@uab.cat

Abstract—This article presents the development of a deep
neural network (DNN) model based on the de-noising auto-
encoder (DAE) architecture, which is trained with the objective of
detecting and estimating the coarse Doppler of signals of oppor-
tunity (SOOP) from low-orbit (LEO) communications satellites.
In particular, the work is focused on LEO signals from the Orb-
comm constellation, and scenarios where interfering signals with
much higher power spectral density (PSD) are present. The model
is trained to first ignore the noise and the interferences, and
subsequently estimate the coarse Doppler of the Orbcomm signal
of interest. The resulting performance confirms the feasibility
of using DNN-based models for opportunistically estimating the
Doppler of LEO signals. This facilitates the integration of LEO
and GNSS observables, thus providing an additional layer for
improving the GNSS positioning performance in harsh working
conditions.

I. INTRODUCTION

In the recent years, the integration of signals of opportunity
(SOOP) with GNSS has emerged as a promising approach
for enhancing the positioning capabilities and resilience of
GNSS receivers in adverse scenarios. This innovative approach
harnesses signals transmitted by sources not primarily de-
signed for navigation purposes, like cellular base stations or
communication satellites, and tries to use them for positioning
purposes. Among such sources of SOOP, LEO satellites are
particularly interesting due to the synergies they provide with
GNSS, and the possibility they bring to solve most of the
known problems of GNSS when operated in challenging
scenarios [1].

In particular, LEO satellites orbit at a much closer distance
to the Earth than GNSS satellites, thus incurring in much
less propagation losses and therefore allowing a much higher
received power at the user’s terminal. This opens the door for
the use of LEO signals for indoor positioning, where GNSS is
known to fail. At the same time, a much higher received power
makes the received signal less vulnerable to interference,
jamming and spoofing, and shorter pieces of signal suffice to
provide the same energy per position fix. In addition to this,
modern LEO constellations are composed of hundreds or even
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thousands of satellites, thus providing an excellent availability
in dense urban scenarios. Finally, the larger dynamics of LEO
satellites make them suitable for single-satellite positioning
and for Doppler-based positioning. While the latter is known
to provide poor accuracy in standalone mode, it can help
whenever GNSS signals are blocked by surrounding obstacles,
or assist snapshot GNSS receivers for obtaining a coarse initial
position to initialize their coarse-time PVT algorithms.

One of the main challenges when using SOOP from LEO
communication satellites is performing the first signal acqui-
sition, particularly when it comes in the form of a cold start.
One of the problems hindering such first lock is the presence
of other signals coexisting in the same band, and the high
signal dynamics of LEO signals, which involve a much larger
Doppler search region than in conventional GNSS acquisition.
While this search region could be reduced by using assistance
information (e.g. ephemeris data from an external source, as it
is done in GNSS with the International GNSS Service RINEX
Working Group services [2]), these data are often inaccurate
and sometimes unavailable, forcing the receiver to resort to
the full search over the Doppler region.

Actually, a widely adopted technique for measuring high
Doppler shifts is by means of analyzing the Power Spectral
Density (PSD) of the received signal [3], [4]. This is the
easiest way to obtain the Doppler when little information is
available about the structure of the LEO signal, since the signal
does not even need to be demodulated. Since the nominal
frequency at which the LEO satellite transmits is usually
known, the Doppler shift is then obtained by measuring the
frequency of the largest peak of the PSD, and subtracting this
value from the nominal transmit frequency. Once the Doppler
frequency is coarsely determined, it can be compensated and
the LEO signal can successfully be tracked, thus providing the
output observables that will eventually feed a Doppler-based
navigation module.

In some cases, though, LEO satellites transmitting over
specific regions are found to share their frequency band
with other local services. This is the case for instance, of
the Orbcomm constellation [5], which shares the 137-138
MHz band with other services like aeronautical and terrestrial
mobile systems or space science systems. This means that
when the PSD is analyzed (e.g. to find the maximum peak
presumably belonging to the signal of interest) other undesired979-8-3503-5685-4/24/$31.00 ©2024 IEEE



signals with similar or even higher power levels can be present.
For that reason, finding the maximum peak of the PSD is not a
reliable way to determine the frequency shift of LEO signals,
since the wrong peak is likely to be selected.

A possible way to solve this issue is by formulating the
problem in the visual domain. This is possible because the
PSD of modulated signals typically follows a well-defined
shape or pattern that can easily be identified by a trained
individual just through visual inspection. This means that a
signal can reliably be identified within a PSD plot regardless
of its Doppler frequency shift and the number of undesired
interfering signals around it, just paying attention to the PSD
shape. This is true provided that the shapes of the interfering
PSDs are different enough from the desired one, so that one
can easily be distinguished from the other.

Deep Neural networks, especially convolutional neural net-
works (CNN), have proven to be very effective tackling
problems similar to the one under consideration, such as
jamming detection and classification [6], which essentially
are reformulated as an image classification problem. In this
work, a de-noising auto-encoder (DAE) is trained to ignore
the noise and interference present in the PSD of a signal
snapshot. Then, transfer learning is applied to feed a fully
connected classifier in order to estimate the coarse Doppler of
an Orbcomm signal located at different spectral locations and
under different signal-to-noise ratio (SNR) conditions.

II. PROBLEM STATEMENT

The problem under consideration is formulated herein as
a single-class classification problem. First, a PSD covering a
spectral range of 1 MHz is considered, in accordance with
the fact that Orbcomm transmissions are circumscribed to the
frequency band ranging from 137 to 138 MHz. This search
range is more than two orders of magnitude larger than the
individual bandwidth of the Orbcomm satellite-to-subscriber
signal, and can accommodate typical frequency shifts due to
Doppler or to the user’s local oscillator. Such search frequency
range is divided into smaller frequency sections (bins) of
2.5 kHz each, resulting in a total of 401 bins, each bin
corresponding to a class. A representation of this approach
is schematically depicted in Figure 1.

Given an input vector of PSD data, the objective of the
model is to classify it as the class (bin) that contains the center
frequency of the Orbcomm signal. If the model is able to
successfully perform the classification, it will output the bin
number where the central frequency of the Orbcomm signal is
located, which corresponds to a coarse frequency estimation
with a ≤1.25 kHz accuracy. Such accuracy is considered to be
adequate because the symbol rate of Orbcomm signals is 4.8
kHz, and therefore, a 1.25 kHz frequency error is around one
fourth of the former. This ensures that the residual frequency
error is significantly smaller than the symbol rate, and thus,
carrier tracking can successfully handle with it.

Fig. 1: Classification problem approach. Doppler estimation
window of 1 MHz bandwidth (green) is divided into 2.5 kHz
frequency bins (blue).

III. SYSTEM DESIGN

A. Model architecture

The proposed model is based in the DAE classifier archi-
tecture [7], [8]. It is built in two steps, first a DAE model
is generated. It consists of three sections, the encoder, the
code and the decoder. The encoder is composed of sequential
convolutional layers that gather different patterns from the
noisy input data resulting in the feature map or code. Lastly,
the decoder aims to reverse the encoder process while trying
to remove the noise. In order to do so, the DAE is fed with
noisy data and then trained to obtain a clean version of the
input.

In the particular case of the model developed in this work,
a vector containing the PSD of a noisy scenario acts as
the corrupted input data. The corrupted input data contains
the Orbcomm signal, random noise and interference signals.
The output clean data consists of a vector of zeros with a
delta placed at the central frequency of the Orbcomm signal.
In Figure 3 a comparison of the auto-encoder noisy input
and clean output is represented. This scenario consists of
three signals, which can easily be seen in the shown PSD
plot: the Orbcomm signal of interest (center) an interfering
GMSK signal (left) and an interfering BPSK signal (right).
The objective is to train the model to ”ignore” all but the
location of the Orbcomm signal.

Once the first step is completed, the trained encoder section
is then used as the encoder section of a new model whose
code is followed by a fully connected classifier, resulting in
the final model. The DAE classifier architecture and building
process is graphically represented in Figure 2.

B. Dataset and training

As it has been previously explained, first, the auto-encoder
is trained to remove all but the relevant information from the
input data. Once finished, the transferred weights from the
auto-encoder’s encoder section to the classifier are set frozen,
meaning that they will remain unaltered during the second
training. The resulting model is now trained as a classifier,
using the PSD vectors as the input data and the id of the



Fig. 2: DAE classifier building process and architecture.

frequency bin where the central frequency of the Orbcomm
signal is located, as the label. So the classifier is trained to
locate the Orbcomm signal in the spectrum using the pre-
trained weights from an auto-encoder that learned to ignore
the noise and the interference signals.

The input data consists of a vector containing the PSD
from a simulated snapshot of 100 ms length sampled at 1.92
MS/s, and containing an Orbcomm signal placed somewhere
within ±501.25 kHz from the center frequency. Additionally,
for every snapshot being generated, interference signals and
noise are added. Aiming to generate a diverse dataset as
possible, the Orbcomm and interference signals have been
generated at many different locations and PSD heights, in
order to reflect that would be observed in practice. A dataset
including 40,100 training and 8,020 validation samples are
generated considering different scenarios. Both auto-encoder
and classifier models are trained during 50 epochs.

Fig. 3: Input PSD to the denoising autoencoder (blue) and
clean output (red).

IV. EXPERIMENTATION RESULTS

Two dual test datasets consisting of 10,025 snapshots are
generated and processed by the model for its evaluation. Two
instances of every snapshot are generated: the first instance
only includes the Orbcomm signal and the noise, the second
one also includes the interference signals. Both instances are
stored separately, the first one is included in the ”Case A;
clean spectrum” dataset and the second one in the ”Case B;
Interference” dataset, so every Case A and Case B snapshot
pair share the exact same Orbcomm signal and noise, with the
interference signals being the only difference between them.
The model is evaluated using Case A and Case B datasets
separately, this approach allows studying how the presence
of interference signals in the data affects the performance
of the model. It must be noted that the interference signals
present in every Case B snapshot show a higher PSD peak
than the Orbcomm signal, ensuring that trying to find the its
central frequency by simply searching for the highest PSD
peak, would not be sufficient. For an enhanced evaluation,
two dual test datasets (each one comprised by 10,025 Case A
snapshots and 10,025 Case B snapshots) are generated, so two
Case A and two Case B test runs are performed.

A. Results for Case A; clean Spectrum

The results for Case A datasets show a classification ac-
curacy of 0.98 for both test runs, meaning that the model
successfully classified the central frequency of the Orbcomm
signal in the correct frequency bin 98% of the attempts. In
terms of frequency error, the tests showed a (2− σ) absolute
error 1.088 kHz for run 1 and 1.078 kHz for run 2. Such
error is about 20% of the Orbcomm bandwidth, thus becoming
small enough for performing a refined Doppler acquisition at
the matched filter output, during the acquisition stage.

In Figure 4 the relationship between the SNR and the
estimation error is depicted, considering Case A scenarios pre-



Fig. 4: Case A: Frequency estimation RMSE vs. SNR. SNR
from 0 dB to 16 dB in 2 dB intervals.

SINR [dB] 0-2 2-4 4-6 6-8 8-10 10-12 12-14 14-16
Test Run 1

RMSE [kHz] 0.70 0.70 0.67 0.68 0.67 0.65 0.66 0.66
σ [kHz] 0.70 0.70 0.67 0.68 0.67 0.65 0.66 0.66

Test Run 2
RMSE [kHz] 0.75 0.68 0.68 0.66 0.65 0.65 0.65 0.66
σ [kHz] 0.75 0.68 0.68 0.66 0.65 0.65 0.65 0.66

Tab. I: Case A. Frequency estimation RMSE and standard
deviation vs. SNR. SNR from 0dB to 16 dB in 2 dB intervals.

senting SNR values from 0 dB to 16 dB in 2 dB intervals. The
frequency estimation error is represented using the root mean
square error (RMSE). The numerical values are summarized
in table I. It can be observed that for both test runs the RMSE
and the standard deviation stay equal to or lower than 0.75
kHz. These results show that even for low SNR scenarios, the
model is able to find recognizable patterns and manages to
classify the Orbcomm signal in the correct frequency bin.

B. Results for Case B; Interference scenario

The results for Case B datasets also show a classification
accuracy of 0.98 for both test runs, meaning that it matched
the classification accuracy obtained in Case A. In terms of
frequency error, the model showed a (2−σ) absolute error of
1.084 kHz for run 1 and 1.081 kHz for run 2, these values are
comparable to the ones obtained in Case A.

In Figure 5, the relationship between the SNR and the
estimation error is depicted, considering Case B scenarios
presenting SNR values from 0 dB to 16 dB in 2 dB intervals.
The numerical values are summarized in Table II. It can be
observed that for both test runs, the RMSE and the standard
deviation stay equal to or lower than 0.70 kHz, these results
show that the model performance has not been negatively
affected by the presence of interference signals in the data.

V. CONCLUSIONS

In this article, coarse Doppler estimation of LEO SOOP has
been addressed as a classification problem using a deep neural
network classifier, based on a de-noising auto encoder that is
trained to locate Orbcomm signals in a spectrum where other
interfering signals do coexist. The tested model has proven
to be able to localize the central frequency of the Orbcomm
signal in a clean spectrum with a (2-σ) error of around 1

Fig. 5: Case B: Frequency estimation RMSE vs. SNR. SNR
from 0 dB to 16 dB in 2 dB intervals.

SINR [dB] 0-2 2-4 4-6 6-8 8-10 10-12 12-14 14-16
Test Run 1

RMSE [kHz] 0.70 0.68 0.70 0.66 0.66 0.65 0.67 0.65
σ [kHz] 0.70 0.68 0.70 0.66 0.66 0.65 0.67 0.65

Test Run 2
RMSE [kHz] 0.70 0.70 0.67 0.65 0.65 0.65 0.65 0.65
σ [kHz] 0.70 0.70 0.67 0.65 0.65 0.65 0.65 0.65

Tab. II: Case B. Frequency estimation RMSE and standard
deviation vs. SNR. SNR from 0dB to 16 dB in 2 dB intervals.

KHz, even under very low SNR conditions. Furthermore, this
approach has proven to maintain the performance after adding
interference signals with PSD peaks higher than the signal of
interest itself, thus confirming the robustness of the ”visual”
approach of inspecting the PSD, adopted herein.

In the context of the development presented in this article,
future lines of work include estimating the coarse Doppler of
multiple simultaneous signals of different types, studying the
use of recurrent deep neural network models and testing with
real data.
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