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Abstract— Machine learning for orbit determination of low
Earth orbit (LEO) satellites in a simultaneous tracking and
navigation (STAN) framework is assessed. STAN is a navigation
paradigm that aims to exploit LEO satellites, which are not
intended for navigation purposes. Since these satellites are not
intended as navigation sources, their states (position, velocity,
clock bias, and clock drift) cannot be assumed to be transmitted
to the navigator. STAN estimates the states of such satellites
simultaneously with the states of the navigating vehicle, using
Doppler and pseudorange measurements drawn from the LEO
satellite signals. This paper proposes a machine learning algo-
rithm for predicting LEO satellite orbits in the STAN frame-
work. A time delay neural network (TDNN) is developed, which
is shown to improve the LEO satellite tracking performance
over an extended Kalman filter (EKF)-based satellite tracking
approach. The proposed EKF-TDNN-STAN is validated experi-
mentally on a ground vehicle, where the Doppler measurements
extracted from two Orbcomm LEO satellite signals were used to
aid an on-board inertial measurement unit. In the experiment,
the vehicle navigated for a total of 258 seconds, the last 30 sec-
onds of which were in the absence of global navigation satellite
system (GNSS) signals. The vehicle traversed a distance of 1.1
km during the period of GNSS unavailability. An EKF-STAN
achieved a ground vehicle three-dimensional (3-D) position root
mean-squared error (RMSE) of 10.6 m, while the two LEO
satellites were tracked with 3-D position RMSE of 71 m and 26
m, respectively. In contrast, the proposed EKF-TDNN-STAN
framework achieved a ground vehicle 3-D position root RMSE
of 6.6 m, while the two LEO satellites were tracked with 3-D
position RMSE of 6 m and 26 m, respectively.

TABLE OF CONTENTS

1. INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .1

2. EKF-STAN FRAMEWORK OVERVIEW . . . . . . . . . . . . .2

3. MACHINE LEARNING FOR LEO PREDICTIONS . . . . .3

4. EXPERIMENTAL RESULTS . . . . . . . . . . . . . . . . . . . . . . . . . . .4

5. CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .6

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .6

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .6

BIOGRAPHY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .8

U.S. Government work not protected by U.S. copyright

1. INTRODUCTION

Historically, the consistent focus in the study of space has
been to go further: exploring new planets and stars, probing
deeper into the vast expanse that surrounds the Earth. But
recently, many have turned their attention not deeper into
space, but closer—towards lower orbital altitudes around the
Earth. The astronomic rise in the deployment of commercial
low Earth orbit (LEO) satellites over the past years is well
documented [1]. The concept of large LEO satellite constel-
lations is not new; however, recent developments in satellite
technologies and reduction in launch costs, among other fac-
tors, have been key enablers for the rapid proliferation of suc-
cessful LEO satellite constellations. Older communication-
based LEO constellations like Orbcomm, Iridium, and Glob-
alstar, are welcoming a new wave of thousands of broadband
internet-based megaconstellations, funded by major compa-
nies like SpaceX, Amazon, and Boeing [2], [3]. This rapidly
developing commercial frontier around the Earth’s atmo-
sphere has many different players involved, from government
and defense agencies, to private corporations, to international
competitors.

As with many scientific developments, there are other un-
intended benefits of this quick race for dominance in LEO
space. One such example is in the field of opportunistic
navigation, wherein signals not specifically designed for
navigation can be exploited for positioning, navigation, and
timing (PNT) purposes [4]. Although the main goals of the
majority of the LEO constellations may be for broadband
internet coverage, communications, or defense applications,
signals from LEO satellites can be used opportunistically
in navigation systems, under the right circumstances [5],
[6], [7]. LEO satellite signals offer unique advantages over
global navigation satellite system (GNSS) signals, namely:
(i) stronger signal power because of the lower orbital altitude,
(ii) diversity in geometry and frequency, and (iii) increased
availability due to abundance of satellites. Furthermore these
advantages come at no cost for an opportunistic receiver—
they are free to use with the proper equipment as downlink
signals can be exploited with no subscriptions required.

However, the use of LEO satellites for opportunistic naviga-
tion purposes poses some inherent challenges. For example,
unlike GNSS satellites, LEO satellites cannot be assumed
to transmit precise ephemerides which allows extracting
satellite position states. Although the Keplerian elements
parameterizing the orbits of these LEO satellites are made
publicly available by the North American Aerospace Defense
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Command (NORAD) and are updated daily in the two-line
element (TLE) files [8], the resulting accuracy in the satellite
position and velocity states when using orbit determination
software and TLE files (e.g., simplified general perturba-
tions 4 [9]) is in the order of a few kilometers and a few
meters per second, respectively. One approach to alleviate
such uncertainty is the use of differential LEO navigation
frameworks [10], [7]. Moreover, the extraction of naviga-
tion observables from LEO satellite signals is not yet fully
understood, partly because very little is known about future
LEO constellation signals. One approach to deal with such
lack of knowledge is blind techniques [11], [12], [13], [14],
[15], [16]. This paper addresses the challenge of imprecise
knowledge of the LEO satellite states via the simultaneous
tracking and navigation (STAN) framework, where the LEO
satellite states are tracked while simultaneously using their
signals for navigation [17].

An extended Kalman filter (EKF)-based STAN framework
requires a dynamics model to propagate the state estimates
and corresponding estimation uncertainties of LEO satel-
lites. While several orbital models were investigated for
the STAN framework [18], [19], [20], machine learning-
based approaches were not considered. In this paper, a time
delay neural network (TDNN) is developed to aid in the
determination of the LEO satellite positions in the STAN
framework. By employing machine learning, the aim is
to improve the filter’s ability to estimate the LEO satellite
positions. Machine learning models possess the ability to
learn complex nonlinear dynamics models with high levels
of uncertainty, and make accurate predictions at a fraction
of the computational cost of comparable orbit propagation
methods. During times of GNSS signal availability, the
machine learning model will be trained on the data as the
vehicle tracks the LEO satellites, and after GNSS signals are
no longer available, the machine learning aided LEO prop-
agation model will produce predictions of the LEO satellite
states within the STAN framework, leading to a higher degree
of accuracy in the vehicle’s navigation solution.

The rest of the paper is organized as follows. Section 2 gives
an overview of the EKF-based STAN framework. Section 3
formulates the machine learning approach for LEO satellite
predictions. Section 3 presents experimental results of a
ground vehicle navigating via the EKF-TDNN-STAN frame-
work and compares the navigation performance to an EKF-
based STAN approach. Section 5 gives concluding remarks.

2. EKF-STAN FRAMEWORK OVERVIEW

This section outlines the STAN framework used to esti-
mate the states of the navigating vehicle and the dynamic,
stochastic states of LEO satellites. At its core, STAN is
an opportunistic navigation framework that works in two
primary modes: (i) when GNSS satellites are available, the
navigating tracks the LEO satellite states; and (ii) when
GNSS satellites become unavailable, the navigating vehicle
uses the LEO satellites signals to estimate its own state,
while simultaneously tracking the LEO satellites. STAN
can be thought of as a generalization of radio simultaneous
and mapping (radio SLAM) [21], [22], [23], [24], [25], in
which the radio transmitters (here, LEO satellites) are non-
stationary. STAN employs a traditional EKF as diagramed in
Figure 1. The conventional STAN framework will be referred
to as EKF-STAN.

In a traditional GNSS-aided inertial navigation system (INS),

when GNSS is unavailable, the vehicle relies solely on its
inertial measurement unit (IMU) [26]. An IMU consists of
a triad gyroscope and triad accelerometer that make specific
force and rotation rate measurements to relate the vehicle’s
orientation and position in the body frame to a local or global
frame. The IMU provides short-term positioning updates but
errors in the measurements can quickly accumulate through
integration. For this reason, during GNSS-outages, the LEO
satellites provide measurements to help correct the drifting
behavior of the IMU. In STAN, the state vector of the system
is defined as

x =
[

xT

r , x
T

leo1
, . . . , xT

leoM

]T

(1)
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[

B
Gq̄

T, rT
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T
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g , b
T

a , cδtr, cδ̇tr

]T

(2)

xleom =
[

rT

leom
, ṙTleom , cδtleom , cδ̇tleom

]T

, (3)

where xr is the state vector of the vehicle consisting of
B
Gq̄: a four-dimensional (4-D) unit quaternion representing
the orientation of a body frame B fixed at the IMU with
respect to a global frame G; rr and ṙr: three-dimensional
(3-D) position and velocity vectors, respectively, of the ve-
hicle; bg and ba: 3-D biases of the IMU’s gyroscope and

accelerometer, respectively; δtr and δ̇tr: clock bias and drift
of the receiver, respectively; and c being the speed of light.

The vector xleom is the state vector of the mth LEO satellite,
consisting of rleom and ṙleom : 3-D satellite position and

velocity; δtleom and δ̇tleom : satellite’s transceiver clock bias
and drift, respectively; and m = 1, . . . ,M , with M being the
total number of LEO satellites used.
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LEO
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Figure 1. EKF-STAN framework that uses LEO satellite
signals and GNSS signals (when available) to

simultaneously track that states of LEO satellites while
aiding a vehicle’s inertial navigation system (INS).

The EKF performs a time update of the vehicle’s position,
velocity, and orientation using measurements from the IMU
processed with the strapdown INS kinematic equations [27].
The vehicle’s accelerometer and gyroscope biases are mod-
eled to evolve according to a velocity random walk model.
The clock states of the vehicle and LEO satellites are modeled
to evolve according to the standard double integrator model
driven by noise. The LEO satellite position and velocity are
predicted through a two-body with J2 propagation model,
where J2 is the second gravitational zonal coefficient [20].
During the EKF update, the vehicle-mounted LEO satellite
receiver makes pseudorange measurements ρ and/or Doppler
frequency measurements fD on the transmitted LEO satellite
signals based on the known frequency profiles of the satellites
of interest. A pseudorange rate measurement ρ̇ can be
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obtained from fD according to ρ̇ = − c
fc
fD, where fc is the

carrier frequency. The pseudorange measurement, ρleom , at

time-step j from the mth LEO satellite is modeled according
to

ρleom(j) = ‖rr(j)− rleom(j)‖2 + c · [δtr(j)− δtleom(j)]

+ vleom(j), j = 1, 2, . . . , (4)

where the ionospheric delays are ignored due to the high
frequency of the transmitted signals (most LEO megacon-
stellations will transmit in the K band and above), tropo-
spheric delays are also ignored due to their negligible effects
compared to the LEO satellite position and velocity estimate
errors [28], and vleom is the measurement noise, which is
modeled as a white Gaussian random sequence with variance
σ2
ρleo,m

[3].

The LEO receiver can also make pseudorange rate mea-
surements, ρ̇leom , on the LEO satellites which are modeled
following the same above assumptions as

ρ̇leom(j) = [ṙleom(j)− ṙr(j)]
T

[rr(j)− rleom(j)]

‖rr(j)− rleom(j)‖2
+

c · [δ̇tr(j)− δ̇tleom(j)] + vρ̇m
(j), j = 1, 2, . . . ,

(5)

where vρ̇m
is the measurement noise, which is modeled as a

white Gaussian random sequence with variance σ2
ρ̇leo,m

[29].

LEO Orbit Determination

Orbit determination, which is crucial to the STAN frame-
work’s performance, is a well-studied topic in the field of
space situational awareness (SSA) [30], [31], [32], [33],
[34]. Notable orbit propagation models fall into two main
categories: (i) numerical: high-fidelity models that attempt
to include all relevant forces and numerically integrate the
satellite equations of motion and (ii) analytical: low-fidelity
models that approximate some forces while disregarding
others. The difference between these categories is the trade-
off between accuracy and computational complexity: (i)
analytical propagators achieve a computationally efficient
analytical solution by reducing model fidelity, which in
turn degrades the propagation accuracy, while (ii) numerical
propagators achieve higher accuracy by performing compu-
tationally costly numerical integrations of complicated force
models. The equation of motion of the perturbed satellite
problem can be described as

r̈ = −
µ

‖r‖
3

2

r + f , (6)

where r is the position vector of the satellite, ‖r‖2 is the
distance between the satellite and the center of the Earth, µ
is the gravitational constant scaled by the masses of the Earth
and satellite, and f is the perturbing force where

f = fNS + f3B + fg + fDrag + fSRP + fERP + fOther ,

where the above forces represent perturbation effects of
the mass distribution and tidal effects (fNS), third body
effects (f3B), general relativity (fg), atmospheric resis-

tance (fDrag), solar radiation pressure (fSRP ), Earth ra-

diation pressure (fERP ), and other factors such as thermal
forces, magnetically induced forces, misalignment effects

and more(fOther) [35]. Depending on the propagation model
used, some of these forces are lumped together while others
are explicitly calculated, all of which are factors that affect
the propagation accuracy.

One example of an analytical satellite propagator, known as
the simplified general perturbations 4 (SGP4) model, uses
TLE files, produced daily by the NORAD, that contain orbital
elements and corrective terms to initialize and propagate
the position and velocity of a satellite [8]. However, the
simplified models of perturbing forces cause errors in a
propagated satellite orbit around three to ten kilometers, 24-
hours after a TLE is produced [9]. In contrast, numerical
propagators, also known as precise orbit determination (POD)
methods, yield accurate ephemerides with errors on the order
of tens-of-meters in the radial, along-track, and cross-track
directions for a satellite, with more error occurring in the
along-track direction [9], [36]. Unlike SGP4 propagators,
POD propagators do not have a TLE-equivalent initialization
file that is publicly available. Some studies have looked at
the use of TLEs with POD methods [37], [38], while others
do not mention where the initial conditions of the integrators
are determined from. In general, most newer developments
of POD methods for satellites focus on improving previously
developed algorithms [39]. There has been some recent
work for satellite propagation methods focused on short-
time propagation periods for real-time applications [40], [41],
[42]. For compatibility with the STAN framework, lower-
fidelity analytical models have been studied most extensively,
although the specific context in which STAN operates in LEO
satellite orbit propagation is largely unexplored. The LEO
propagation model used under the EKF-STAN results later
in this paper is the standard two-body propagation model
outlined in [20]. Numerous recent studies have focused on
using machine learning to aid orbit determination techniques.
These sources have explored different machine learning al-
gorithms and showed promising results in improving LEO
satellite orbit determination accuracy.

3. MACHINE LEARNING FOR LEO
PREDICTIONS

Machine learning has been utilized for a wide variety of
scientific and engineering problems that have high dynamics
and uncertainties. One branch of machine learning involves
the employment of neural network models that can attempt
to learn trends in data and make predictions or inferences
based on this learning process. The three main types of
learning problems are (i) supervised learning: a model is
trained on samples and their corresponding outputs, (ii) un-
supervised learning: a model is only given inputs, and (iii)
reinforcement learning: a model makes multi-stage decisions
and rewards. Many studies have examined machine learn-
ing applications in the context of orbit determination, LEO
satellites, and/or SSA applications. In [43], the initial orbit
determination problem was explored using stationary ground
stations and training data for a month-long period. Learning
via distribution regression for robust orbit determination was
explored along with the transfer learning system for multiple-
spacecraft scenarios [44], [45]. In [46], a convolutional neural
network was developed for space object pattern classification
in a game theoretic approach. The orbit prediction of LEO
space debris was studied via machine learning models in [47].
Improving satellite orbit accuracy was studied through the use
of support vector machines in [48], [49], [50]. Deep learning
techniques using recurrent neural networks were utilized to
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model satellite behaviors and maneuvers and satellite orbit
propagation [51], [52].

The STAN framework’s estimation of the dynamic and
stochastic states of the LEO satellites proves a difficult chal-
lenge, especially with only one navigating vehicle. Apart
from issues of observability and consistency, the framework
performance is highly dependent on the orbit propagation
model used for the LEO satellites. Unlike multi-day/week
centric orbit determination in SSA, STAN can operate effi-
ciently with orbit propagation lengths for LEO satellites in
the order of minutes. The case of using machine learning
to aid the short-term orbit propagation of LEO satellites is
largely unexplored. Ideally under STAN, when the vehicle
has access to GNSS satellites, it knows its current position to
a high degree of accuracy and can begin to map the moving
LEO satellites in a tracking-focused method. When GNSS
is degraded or unavailable, the vehicle then solely uses the
LEO satellites it was previously tracking for navigating its
own trajectory. During these instances, STAN’s estimate
of the LEO satellites’ states often diverges and produces
inconsistent filter results for the reasons explained in the
previous section. By employing machine learning, the aim
is to improve the filter’s ability to estimate the LEO satellite
positions. Machine learning models possess the ability to
learn complex nonlinear dynamics models with high levels
of uncertainty (cf. (6)), and make accurate predictions at
a fraction of the computational cost of comparable orbit
propagation methods. During times of GNSS availability,
the machine learning model will be trained on the data as
the vehicle tracks the LEO satellites, and after GNSS is no
longer available, the machine learning aided LEO propa-
gation model will produce predictions of the LEO satellite
states, leading to a higher degree of accuracy in the vehicle’s
navigation performance.

In this paper, the focus is to use machine learning to predict
LEO satellite positions, which would improve the navigation
performance under the STAN framework. For this reason,
supervised learning for time-series regression is employed
via a time delay neural network (TDNN). The proposed
framework will be referred to as EKF-TDNN-STAN. Neural
networks are collections of layers with nodes — or neurons
— that are fed input data, which in turn learn trends in the
data, and attempt to produce output data. Essentially, each
layer takes in inputs from previous layers if available, and
uses weights at each node, which are then summed up and
passed through an activation function. The network learns the
model via a predefined algorithmic update of the weights for
each supervised input sample, which later predicts the output
of unsupervised inputs. In orbital models, the prediction
relies on both present and past inputs, which makes TDNNs
an attractive design for this specific problem, where TDNNs
posses specific delay features for information from past in-
puts to persistence and influence the prediction of future
outputs. Furthermore, during a closed-loop implementation,
TDNN can feed its output prediction back into the network to
influence the prediction at future time steps. The proposed
TDNN network was trained using the backprogation algo-
rithm and the mean-squared error (MSE) as a performance
measure. Furthermore, to compare the TDNN performance to
a baseline, an autoregressive model is employed to predict the
LEO satellite positions. One noteable drawback of machine
learning methods is the computational requirement of the
data used and the training time. Although this paper focuses
on a performance comparison between different methods, a

comprehensive comparison including computational cost is
an area of further study.

4. EXPERIMENTAL RESULTS

This section gives an overview of the scenario studied in this
paper, presents details about the parameters and training of
the TDNN, and compares the navigation performance of a
ground vehicle with the proposed EKF-TDNN-STAN with
two LEO satellites versus an EKF-STAN.

Scenario Overview

The data presented in this section was taken from exper-
iments conducted with a ground vehicle navigating with
two LEO satellites from the Orbcomm constellation. The
Orbcomm satellites are part of a communication satellite
constellation that also transmit their positions from on-board
GNSS receivers. During its 258-second trajectory, the ground
vehicle received signals from two Orbcomm satellites and
decoded the positions of satellites while also making Doppler
measurements from the satellites’ signals. These decoded
positions were used as the ground truth for the LEO satellite
trajectories during the training of the neural network. GNSS
signals were artificially cut for the last 30 seconds of the
vehicle’s trajectory. The training period might seem short
for such an application; however, this should be sufficient to
learn a model that performs well for a short period of time
(e.g, 30 seconds) and shows the potential of the approach.
Figure 2 depicts the implementation of the machine learning
algorithm into the STAN framework. The inputs of the neural
network are the t3-D positions of each satellite expressed
in the Earth-centered, Earth-fixed (ECEF) coordinate frame,
while the outputs are predictions of the satellite positions
one time step ahead. After GNSS signals were cut off, the
neural network transitioned to a closed-loop mode where it
continually predicted the LEO satellite positions one time-
step ahead while using its own predictions as feedback inputs.

INS
IMU

State

Initialization

Orbit

Determination

Clock Models

EKF Prediction

EKF

GNSS

Receiver

LEO

Receiver

Update

Neural
Network

LEO

Figure 2. EKF-TDNN-STAN framework that uses a neural
network to predict LEO satellite positions.

Model Hyperparameters

The hyperparameters of a machine learning model are used to
control the learning process of the model, as opposed to the
weights that the model attempts to optimize during training.
The specific hyperparameters employed greatly affect the
learning result and thus a study to determine the optimal set-
tings must be conducted. Some hyperparameters of interest
include: (a) epoch size: the number of times the learning
algorithm will process the entire set of training data; (b) batch
size: the number of data samples that will be processed before
updating the internal model parameters; (c) number of layers:
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defines the depth of the network, which affects the model’s
learning ability; (d) number of neurons: the number of nodes
in a specific layer of the model, which influences the learning
capacity of the network; and (e) time step delays: a specific
parameter to TDNN that specifies how many time-steps the
model will look backwards while making its predictions.
Activation functions also play an important role in machine
learning models. They perform a mathematical operation
on the output of each neuron of the model and dictate what
values are passed throughout the model. For this work, the
activation function used is the hyperbolic tangent sigmoid
function. The model hyperparameters chosen after tuning the
network are shown in Table 1.

Table 1. Model Hyperparameters

Hyperparameter Value

Epoch size 1000
Batch size 1

Layers 1
Neurons 20

Time step delays 15

Training and Validation Techniques

For this experiment, the training and validation data are
provided during times of GNSS availability, and the testing
data is the recorded data after GNSS signals are artificially cut
off. This allows the model to use the collected data from when
a navigating vehicle knows its own position to a high degree
of accuracy to continually train and learn the LEO satellite
trajectories. Several learning curves are used to measure the
neural network’s performance to avoid underfitting (when the
model fails to learn the training data and thus more learning
could be done) and overfitting (when the model learns the
training data so well that it cannot generalize the validation
data and results of the test data are poor). The technique
of regularization is applied to keep the model weights stable
and avoid issues of overfitting. The optimizing function
used is the Levenberg-Marquardt backpropagation, which is
responsible for updating the weights and biases of the model
after each batch. Validation techniques are important to
provide ways to validate the model’s performance. In this
time-series regression problem, two validation techniques are
utilized: test-train splitting and autoregressive forecasting.

To serve as a baseline performance measure, an autoregres-
sive model was fit for the prediction of the LEO satellite
positions. The goal is to predict the satellite positions using
a linear function that contains a combination of the current
and past positions. The number of past time steps, or lag
variables, to incorporate in the training was optimized to the
value that produced the lowest total root-mean squared error
(RMSE). The autoregressive model was fit using the training
set of LEO satellite positions and the RMSEs were calculated
with the remaining test set (final 30 seconds) and are shown
in Table 2.

Table 2. Autoregressive Model Performance

Performance Measure LEO 1 LEO 2

RMSE (km) 1.28 1.38

Final Error (km) 1.37 1.29

Comparative Navigation Results

After the TDNN was trained with the data during the time
when GNSS signals were available, the network transitioned
to a closed-loop mode to make future predictions. Figure
3 shows the true LEO satellite trajectories, derived from
the Orbcomm on-board GNSS receivers, versus the TDNN’s
prediction of the LEO satellite trajectories during the last 30
seconds of the data. It is difficult to see due to the scale
of the image, but the neural network’s prediction falls very
close to the LEO satellite ground truth trajectory. Table
3 compares the EKF-STAN results versus the EKF-TDNN-
STAN, where it is noted that both prediction algorithms
perform significantly better than the autoregressive baseline
in Table 2. Figures 4 and 5 show the error residuals for
both model’s predictions for Orbcomm satellites 1 and 2
in their body frames, respectively. It is important to note
that the EKF-STAN framework’s prediction for the LEO
satellites frequently violates the ±3σ bounds due to filter
inconsistency. The oscillatory error is observed is typical for
the EKF; however, it is important to stress that in the long-
term this diverges rapidly, and for this application, the focus
is on short time periods of GNSS-unavailability. Having an
alternative method of estimating LEO satellites, like neural
networks, can play an important role in improving the navi-
gation performance of the vehicle.

Orbcomm
LEO satellite 1
trajectory

Orbcomm
LEO satellite 2
trajectory

(a)

(b)

Orbcomm
LEO satellite 1
RMSE: 6 m

Orbcomm
LEO satellite 2
RMSE: 26 m

GNSS cutoff

Truth

TDNN Estimate

Figure 3. Experimental results showing (a) the
trajectory of the 2 Orbcomm LEO satellites, (b) zoom of

the TDNN’s predictions (yellow) versus the truth
trajectories (red) tracked by a ground vehicle without

GNSS for 30 seconds. Map data: Google Earth.

Next, the effect of improving the LEO satellite position
estimates on the vehicle’s navigation performance is ana-
lyzed. Figure 6 shows the vehicle’s true trajectory along a
highway in Irvine, California, USA, compared to estimates
from the original EKF-STAN framework and the proposed
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EKF-TDNN-STAN framework. The results are summarized
in Table 4. It is evident that having more accurate predictions
of the LEO satellites leads to better navigation performance
for the ground vehicle. With further model tuning and more
training data, the neural network results could be even further
improved. Any minor improvement in vehicle navigation
is important for safety and the future implantation of au-
tonomous systems.

Table 3. LEO Satellite Prediction Performance

Performance Measure LEO 1 LEO 2

EKF-STAN RMSE (m) 71 26

EKF-TDNN-STAN RMSE (m) 6 26
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Figure 4. Prediction of Orbcomm LEO Satellite 1: EKF
±3σ estimation error bounds of the satellite along with
EKF error (black) and TDNN prediction error (blue).
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Figure 5. Prediction of Orbcomm LEO Satellite 2: EKF
±3σ estimation error bounds of the satellite along with
EKF error (black) and TDNN prediction error (blue).

Table 4. Ground Vehicle Navigation Performance

Errors EKF-STAN EKF-TDNN-STAN

RMSE (m) 10.6 6.6

Final Error (m) 24 16

EKF-TDNN-STAN

Irvine, California

RMSE: 10.6 m

RMSE: 6.6 m

Truth

EKF-STAN

Figure 6. Experimental results showing the trajectory of a
ground vehicle truth navigating without GNSS for 30 seconds.
The truth (white) is compared to the EKF-STAN estimate (red)

and the EKF-TDNN-STAN estimate (yellow). Map data:
Google Earth.

5. CONCLUSION

This paper proposed the addition of a neural network to the
STAN framework to reduce errors in tracking LEO satellite
positions, which effectively improves a vehicle’s navigation
performance. A TDNN with 20 neurons and 15 time step
delays using a backpropagation algorithm to update model
weights and biases was developed. Experiments were con-
ducted with a ground vehicle navigating with Doppler mea-
surements drawn from two Orbcomm LEO satellites, where
GNSS signals were artificially cut for 30 seconds. The
training data for the machine learning model were determined
from the satellites’ onboard GNSS receivers which broadcast
signals decoded by the vehicle. The performance of the
TDNN in tracking the LEO satellite positions was compared
to an autoregressive model and a traditional LEO propaga-
tion model. The neural network aided STAN framework,
called EKF-TDNN-STAN, improved the conventional EKF-
STAN framework’s performance. The EKF-STAN achieved
a ground vehicle 3-D position RMSE of 10.6 m, while the
two LEO satellites were tracked with 3-D position RMSE
of 71 m and 26 m, respectively. In contrast, the proposed
EKF-TDNN-STAN framework achieved a ground vehicle 3-
D position root RMSE of 6.6 m, while the two LEO satellites
were tracked with 3-D position RMSE of 6 m and 26 m,
respectively.
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