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Abstract

Current space missions mainly rely on Earth-based Guidance, Navigation, and Control (GNC) systems, which
involve human-in-the-loop operations. While reliable, these ground-based methods suffer from communication
delays, limiting real-time responsiveness and autonomy. The increasing demand for space missions is also expected
to overwhelm ground communication slots, posing challenges to future exploration. This paper introduces a
novel artificial neural network (ANN)-aided X-ray pulsar autonomous navigation system. A radial basis function
neural network (RBFNN) is used to predict the spacecraft’s state error under high-fidelity perturbations, which is
incorporated into a navigation filter’s prediction step. A nonlinear Gaussian function is utilised in the network’s
hidden layer, with the K-means algorithm for hidden layer training and the recursive least squares (RLS) algorithm
for output layer training. The navigation system relies solely on X-ray pulsar signals from the Crab pulsar for
measurements. Training results show that the RBFNN is able to capture the general trends in the output’s behaviours
with a reasonable degree of effectiveness. Filter simulation results show position estimation errors below 3 km.
By embedding the neural network directly in the filter’s prediction step, our approach eliminates the need to define
explicitly perturbation terms during network training and reduces computational burden of integrating highly nonlinear
perturbed dynamic equations in the filter. This system also demonstrates a viable path towards fully autonomous
spacecraft navigation using only X-ray pulsar signals, marking a significant step towards future space mission autonomy.
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1. Introduction

The rapid advancement in technology and the expanding
commercial landscape within the space sector have driven
a significant surge in space exploration missions. Cur-
rently, these missions depend heavily on ground-based
Guidance, Navigation and Control (GNC) systems, often
requiring human intervention. While this method is
generally reliable, it has its drawbacks. Issues such as
communication delays, limited real-time responsiveness,
and the potential for ground infrastructure overload due
to the rising number of space users highlight the need for
innovative solutions. To address these challenges, there
is a growing focus on developing onboard autonomous
navigation techniques. This shift aims to reduce reliance
on ground-based operations and offers a promising
solution for future space missions.

One attractive autonomous navigation technique is the
X-ray pulsar navigation (XNAV) which utilises X-ray
pulsar timing signals as measurement sources. Pulsars are
fast-rotating neutron stars that emit stable, periodic and
predictable signals characterised by unique shapes. These
features give pulsar-based navigation an extremely high
achievable accuracy. The concept of leveraging these
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celestial sources as a navigation tool traces back to the
1970s, when Downs [1] explored the potential of utilising
pulsating radio sources for interplanetary navigation.
Across the electromagnetic spectrum, X-ray pulsars are
of particular interest and often preferred for navigation
applications because their higher signal-to-noise ratio
allows for the use of smaller and lighter detectors
compared to optical or radio sources [2]. The theoretical
framework of pulsar-based navigation has been explored
by several researchers [3] [4] [5] [2], and most of them
demonstrated the XNAV system positioning accuracy
below 10 km based on computational simulation. In
2016, XPNAV-1 [6] was launched to conduct a ground
pulsar-based navigation experiment, utilising pulsar
observation data collected onboard. This experiment
resulted in an average navigation accuracy of 38.4 km
solely through observations of the Crab pulsar. In 2017,
NASA demonstrated a fully autonomous, real-time pulsar
navigation experiment in space for the first time, attaining
an average accuracy of 16 km [7].

For spacecraft navigation problems, a navigation filter
is usually used for the spacecraft state estimation. The
filter typically consists of a time-update process to
propagate the state, followed by a measurement-update
process to correct the propagated state. In most cases,
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the time-update step consumes majority of the computa-
tional resources in a filter, primarily because numerical
integration is typically used to propagate orbital state
equations which are highly nonlinear with perturbation
terms. Scientists and engineers have been searching
for robust methods to reduce the computational burden
while maintaining system accuracy. Among the various
methods, the use of machine learning has proven to be an
effective technique in supporting spacecraft navigation
applications.

Recent studies have increasingly focused on using artifi-
cial neural networks for orbit determination. Specifically,
these networks are employed to learn complex nonlinear
dynamic models with high uncertainty, allowing for
accurate predictions with much lower computational
effort compared to other orbit propagation methods.
For instance, Pesce et al. (2019) [8] utilised a Radial
Basis Function Neural Network (RBFNN) to estimate
disturbances in the prediction step of an adaptive extended
Kalman filter. Mortlock and Kassas (2021) [9] introduced
a Time Delay Neural Network (TDNN) for LEO satellite
orbit determination, demonstrating improved tracking
performance compared to an extended Kalman filter-
based approach. Zhou et al. (2023) presented an adaptive
estimation algorithm for orbit determination in their
recent paper [10]. The algorithm is designed to maintain
estimation accuracy while reducing computational cost by
utilising a deep neural network (DNN)-based nonlinearity
detector alongside an adaptive order-switching procedure.

Most existing studies have focused on using artificial
neural networks to learn and predict environment
perturbation accelerations in orbital dynamic equations.
However, because these perturbations are often inherently
unknown, the empirical expressions found in the litera-
ture only provide an approximate representation of their
behaviour. Moreover, obtaining true perturbation acceler-
ations directly is challenging because such data typically
come from real missions, with some not being publicly
accessible. This makes it challenging to create accurate
output datasets, in the form of spacecraft accelerations,
for training the neural networks. Additionally, while
numerical perturbation methods involving integration
offer greater accuracy, they are computationally intensive
to be used within onboard spacecraft filters. Therefore,
this study will instead adopt an alternative approach by
implementing the neural network directly in the state
prediction step of the filter, where it predicts spacecraft
state errors at the next time step under the influence of
high-fidelity perturbations. This approach eliminates
the need to explicitly define perturbation acceleration
terms during network training process and avoids the
complexity of integrating perturbed highly nonlinear
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dynamic equations within the filter.

The rest of the paper is organised as follows. Section 2.
outlines the methodology, covering spacecraft dynamics,
neural network data preparation and training, the concept
of X-ray pulsar navigation, and the navigation filter used
for orbit determination. Section 3. presents the results
of the network training performance and the overall orbit
determination performance, followed by some discussion.
Finally, Section 4.concludes the paper and provides sug-
gestions for future work.

2. Methodology

2.1 Dynamics

In this paper, we consider an Earth-orbiting satellite with
key properties summarised in Table 1. The spacecraft
dynamics is described using Equation 1.

(1) =£(2,x(1)) +w(2) e))

where x(¢) is the process state consisting of the spacecraft
position and velocity x(¢) = [r(¢),v(z)]7, w is the process
noise, and the dynamics f(z,x(z)) is defined as:

v(1) ]

r
MEarth 3 + apert

f(z,x(1)) = [ @)

The term aper is a summation of all relevant perturba-

tion accelerations acting on the spacecraft. For an Earth-

orbiting satellite, the main perturbations are the Earth J2

effect, atmospheric drag, solar radiation pressure etc.
Table 1: Key properties of the spacecraft.

Mass (kg) 100
Cross-sectional area (m?) 5
X-ray detector area (m?) 0.1

Drag coefficient Cp 22
Reflectivity coefficient Cg | 1.3
Operational altitude (km) | 600

2.2 Artificial Neural Network (ANN)

As mentioned in the introduction, we will employ an
artificial neural network (ANN) to directly predict the
spacecraft state x under the effect of perturbations, rather
than explicitly predict the perturbation accelerations aper
inside the dynamic equation f(z,x(¢)). Following the
work of [8] and [11], a Radial Basis Function Neural
Network (RBFNN) is adopted in this paper, given its
simple structure and fast training process.

A RBFNN is structured with three layers: an input layer,
a hidden layer, and an output layer. The input layer con-
tains source nodes which, in our case, are spacecraft state
vectors X; _, at time k — 1. The hidden layer performs
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a nonlinear transformation of the input via a radial basis
function. The output layer linearly combines these hidden
neurons to produce the final output, which is the space-
craft state error 5X,;ANN between the perturbed state and the
unperturbed Keplerian state at time k. Figure 1 presents
the overall structure of the proposed RBFNN.

Fig. 1: Overall structure of the proposed RBENN, with the
input layer representing the spacecraft’s six states at time k — 1,
and the output corresponding to the predicted state error at time

k.

2.2.1 Dataset Generation

Before training the network, a substantial dataset needs
to be generated which captures the input-output relation-
ships. The input data consists of the spacecraft state x;
at the current time #;, while the output data represents
the predicted state error 6xi_+lANN’ which is the difference

between the high-fidelity "truth" orbital state and the
Keplarian state at the next epoch #;.;.

During the data collection process, each state is propa-
gated for 3 hours using a high-fidelity orbit propagator
to simulate the "true" dynamics. The parameters of this
"truth" dynamic model, along with the initial orbital con-
ditions, are detailed in Tables 2 and 3 respectively. It
is important to note that various atmospheric models are
available in the literature. Bruinsma et al. [12] have in-
dicated that NRLMSISE-00 and DTM2009 are the most
accurate models for altitudes above 500 km. Given that
the operational altitude of the spacecraft in our study is set
at 600 km, NRLMSISE-00 is therefore used to simulate
the "true" dynamics as accurately as possible. At each
time #;, the propagated state X! and the corresponding
predicted state error 0x;, Ly AT€ collected as a data point
(xf, 6xl.’+lANN). With a propagation time step of At =4 s, a
total of 2700 data points are generated. This entire dataset
is used to train the RBFNN model to approximate 2 SR
based on x}. Since the state errors consist of six compo-
nents, six separate RBFNN models will be trained, with
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each network producing the output for one component.

Table 2: Parameters used within the "truth" dynamic model.

Parameters "Truth" dynamic model

Harmonic gravity field 50x50
Atmospheric model NRLMSISE-00
Solar activity Variable F10.7 index

Conical shadow model
Sun + Moon + other solar planets

Solar radiation pressure
Third-body perturbation

Table 3: Initial conditions of the spacecraft state.

xo (km) 352041 | vy (km/s) 0.351373
yo (km) 593851 | vyo (km/s) -1.466164
z0 (km) 1007.11 | vy (km/s)  7.406607

2.2.2  Network Training Algorithm

Following the work of [13], the K-means algorithm will
be used to train the hidden layer, while the recursive least
square (RLS) algorithm will be employed for training
the output layer. In this section, we will provide a brief
overview of the key algorithms. For more comprehensive
details, readers are referred to [13].

Within the hidden layer, each neuron is mathematically
characterised by a radial-basis function centered on a
point. Various types of radial-basis functions are com-
monly applied in space applications, such as Gaussian,
linear, thin-plate spline, and logistic function [14]. In this
study, a nonlinear Gaussian function is selected as the
radial-basis function for the hidden layer. The nonlinear
Gaussian function is defined as:

(U= p11)* )
202

The cluster mean p; among the input vectors defines
the centre of the Gaussian function associated with each
hidden neuron. We use the MATLAB built-in func-
tion kmeans to calculate ;. In K-means clustering, the
squared Euclidean norm is used to define the measure of
similarity d between every pair of vectors y; and p;,, i.e.,
the distance between centres:

d=Ilp;—p 4

For simplicity, a constant width o is assigned to all Gaus-
sian functions, which is derived from the maximum dis-
tance, or the spread of the centres, dp,.x among all g. The
value of o is computed using Equation 5:

®;(x) = exp—

max
o= Amax 5
\/2_1( ©)

where K is the number of radial centres used in the
hidden layer and it is a user-defined parameter.
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Upon completion of training the hidden layer, the training
of the output layer can begin, which focuses on selecting
the weight vector w. To compute the weight vector in the
output layer, a recursive least-square (RLS) algorithm is
used. For discrete time steps n = 1,2,3..., we first define
the prior estimation error @(n), based on the previous
estimate w(n — 1) of the weight vector:

a(n)=d(n)-w! (n-1)®(n) (6)

where the vector ® comprises the Gaussian functions
obtained from Equation 3 for all hidden neurons.

The old weight estimate is subsequently updated to a new
value using:

w(n)=wn-1)+P(n)®(n)a(n) @)

The term P(n)®(n) is called the gain vector of the RLS
algorithm. The matrix P(n) is computed recursively from:

P(n-1)®(n)®T (n)P(n-1)

P(n)=P(n-1)- 8
() =P - — P Dom O

The initial values of w amd P are set to be:
w(0)=0 and P0)=aA"'I )

The entire training process for the RBFNN involves de-
termining the parameters y;, o, and w. Once the network
training is complete, the trained RBFNN is capable of
predicting the output according to Equation 10:

PrBENN (X) = W ®(xX) (10)

2.3 X-ray Pulsar Measurements

In this work, the Crab pulsar is chosen as the observational
source. The signal from the Crab pulsar is detected as
pulse photons collected by the X-ray detector onboard
the spacecraft. The fundamental measurement of the
XNAV system is the photon time of arrivals (TOAs). The
complete signal processing pipeline is outlined as follows.

First, the photon TOA timestamps are collected at the
spacecraft. These TOAs are folded into one pulse period
using the epoch folding technique to create an observed
pulse profile. A standard pulse profile is constructed at
an inertial space point, usually the solar system barycen-
tre (SSB), based on the pulsar timing model, the pulsar
ephemeris and the pulse shape function. This standard
pulse can be transferred from the SSB to a prior-estimated
spacecraft position. Following that, a nonlinear least
square (NLS) algorithm is used to compare the phase shift
between the observed profile at the true spacecraft position
and the standard pulse profile at the estimated spacecraft
position, and any phase shift A¢ will correspond to the dis-
tance shift between the true and the estimated spacecraft
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position projected along the line of sight of the pulsar.
The resultant dypdaceq s then fed into a navigation filter to
aid spacecraft state estimation and correction.

Y = dupdated = 0 Teg+CcPAQ

(11)

Equation 12 describes the time transfer between the SSB
and the estimated spacecraft position, accounting for some
higher-order time delay terms as outlined in [3]:

n-r
IsSB —Isc = T+

1
ZCD()

[(A-r)?=r?+2(A-b) (A 1) -2(b-1)|+

n-r+r
n-b+b

2/JSun
——1n

c3

+1'
(12)

where fi is the unit direction vector from the SSB to
the pulsar, r is the spacecraft position vector from the
SSB, c is the speed of light, Dy is the distance between
the pulsar and the SSB, b is the vector from the Sun
centre to the SSB, and ugyy is the gravitational constant
of the Sun. The first term on the right-hand side of
Equation 12 is the first-order Doppler delay, representing
the direct geometric time delay between the spacecraft
and the SSB. The second term arises from parallax
effects. Collectively, the first two terms are called the
Roemer delay. The third term is the Sun’s Shapiro delay,
accounting for the additional time delay resulting from
curved path of light influenced by the gravitational field
of the Sun. If only the first term is considered while
discarding the remaining higher order terms, Equation 12
is reduced to the simple geometrical representation of the
projection distance between the spacecraft and the SSB
along the pulsar direction, as illustrated in Figure 2.

As described earlier in this section, the final outcome of
processing the X-ray pulse signal is the updated projec-
tion range between the spacecraft and the SSB along the
pulsar direction. Therefore, the measurement model can
be defined as follows:

13)

The measurement noise is computed from the signal-to-
noise ratio (SNR) of a specific pulsar:

h(X) =R -r=fx+i,y+i,z

FyxAxp rTops
SNR = P flobs
\/[Bx +Fx(1 _pf)] (AxTobs%) +FxAxpr0bs
(14)
1 W
TTOA = 5 on (15)

In the above equations, W is the pulse width, F) is the
observed X-ray photon flux, Ay is the detector area, p r is
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Fig. 2: Geometrical representation of the XNAV scheme.

the pulsed fraction, Ty is the total observation time, B,
is the X-ray background radiation flux, and P is the pulse
period.

2.4 Navigation Filter

An extended Kalman filter (EKF) is implemented for orbit
determination. It consists of a time update step to prop-
agate the spacecraft state, followed by a measurement
update step which incorporates pulsar measurements to
correct the state estimate. The spacecraft dynamics is
modelled as a continuous-time system, while the measure-
ments occur in discrete time. Consequently, the process
and measurement equations are defined as follows:

x(t) =f(¢,x(1)) +w(¢) (16)

Vi = hi(xe) +vi (17)
The filter is initialised by setting:

x;, = E[xo] (18)

Py =E [ (xo-x)) (xo-x))" | (19)

The EKF prediction block (time update) is detailed as
follows:

175
Xp =xt_ + / £(t,x(¢)) dt (20)

Tr—1

Ik

- T

P =PZ_1+/ FP+PF' +Q dt (21)
Ip—1

At time t;, once the measurement y; is obtained, it is

incorporated in the EKF correction block (measurement

update) to update both the state and covariance estimates:

-1
K =P, H] (H P H] +Ry) (22)
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Xp =X, + Ky (i —hy) (23)
P, = (I-KH)P, I-K:Hp)" + K R K (24)

In the above expressions, the Jacobian matrices F and

H are defined as Fy = % and Hy = 3’;&;‘) _
k-1

X:Xk
respectively. Q is the process noise covariance matrix
and R is the measurement noise covariance matrix.

X=X

The ANN proposed in Section 2.2 is integrated into Equa-
tion 20 during the prediction step. With the aid of ANN,
the predicted state X, is computed in two stages. First,
the state is propagated assuming only two-body Keple-
rian motion (x,:Keplem). By solving the perturbation-free
Keplerian equation of motion, computational efficiency is
improved as higher-order nonlinear perturbation acceler-
ations are neglected. Next, the ANN-predicted state error
(6XI:ANN), representing the difference between the Keple-
rian state and the fully perturbed state, is directly added
to X;Kep]erizm :

X, +OX, (25)
After signal processing, as outlined in Section 2.3, the
X-ray pulsar measurements y; are incorporated into the

filter correction step, as described in Equation 23.

= X7
kKeplerian

3. Results and Discussion

3.1 Simulation Setup

To evaluate the effectiveness of the proposed ANN and
the overall performance of the navigation system, simula-
tions were conducted for an extended duration of 6 hours
using a spacecraft with the same characteristics detailed in
Table 1. The subsequent sections present the simulation
results along with discussion of the findings.

3.2 ANN Training Performance

As the state errors consist of six components (position and
velocity), six individual RBFNNs are trained, with each
network producing the output for one component. During
the training process, a loss function is typically used to
evaluate the neural network’s performance in predicting
the output behaviour. In this work, the loss function we
use during the training process is the mean squared er-
ror (MSE) between the RBFNN-predicted output and the
expected output:

1 « .
MSE=— 5 (yi=9:)° (26)
i=1

where y is the desired output, y is the actual output
obtained from the RBFNN, and m is the total number
of training samples. Figures 3 and 4 show the evolu-
tion of the loss function as a function of the training epoch.
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Fig. 3: RBFNN loss function evolution during the training
process (position).

As shown in Figures 3 and 4, the loss function stabilises
after approximately 50 epochs for both the x- and
y-components, while the z-component requires around
200 epochs to reach stability. Once the loss function has
stabilised, it indicates that the network is well-trained,
and the resulting parameters y;, o, and w can be used to
predict the output.

To demonstrate the effectiveness of the trained RBFNN in
predicting the output behaviour, a testing dataset is used,
consisting of spacecraft states as inputs and state errors
between the Keplerian state and the fully perturbed state
as the expected outputs. The RBFNN-predicted outputs
are generated using the trained network’s parameters y;,
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o, and w. Figures 5 and 6 present a comparison between
the RBFNN-predicted outputs and the expected outputs
across all six components.

As illustrated in Figures 5 and 6, although the pre-
dicted outputs do not perfectly match the expected values,
the trained RBFNN is able to capture the overall trends in
the output behaviours, demonstrating a reasonable degree
of effectiveness in predicting these behaviours. To im-
prove the accuracy of the predictions, future work could
explore the inclusion of additional input parameters, such
as spacecraft properties, onboard clock errors, and other
space environmental factors related to perturbation ef-
fects. This is because the current inputs are limited to
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Fig. 5: Comparison of the RBFNN-predicted output and the
desired output (position).

the spacecraft’s position and velocity state vectors at the
current epoch.

3.3 Navigation Performance

The proposed EKF, which incorporates the trained
RBFNN in the prediction step and pulsar measurements in
the correction step, was run for a 6-hour duration. Figures
7a and 7b show the navigation filter’s performance in
estimating both position and velocity. In these figures,
the black line represents the error profile between the
filter-estimated state and the true reference state, while
the red line represents the 30~ covariance bounds. Table
4 provides a quantitative summary of the achievable
accuracy of the proposed navigation system, indicating
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that position estimation errors can be below 3 km.

Table 4: Navigation accuracy of the proposed ANN-aided
X-ray pulsar navigation system.

Position (km) | Velocity (km/s)
ox 03439 | ov,  0.0527
oy 0.6524 | ovy, 0.0714
6z 25018 | ov, 0.1145

The filter simulation results highlight the superior accu-
racy achieved by the proposed ANN-aided X-ray pulsar
navigation system. By directly incorporating the neural
network into the state prediction step of the filter, this
approach removes the necessity of explicitly defining per-
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Fig. 7: RBFNN-aided filter performance (6 hours).

turbation acceleration terms during the network training
and bypasses the computational burden of integrating the
highly nonlinear perturbed dynamic equations within the
filter. Additionally, it demonstrates the feasibility of a
fully autonomous spacecraft navigation system that oper-
ates solely on X-ray pulsar signals, without the support of
ground stations. Given the limitations of ground-based
navigation systems, such a fully autonomous approach is
anticipated to emerge as a major trend in future space
missions.

4. Conclusion

A novel concept of an ANN-aided X-ray pulsar navigation
system is proposed in this study for an Earth-orbiting
spacecraft. The system utilises a RBFNN to directly
predict the spacecraft’s state under high-fidelity pertur-
bations, which is then applied in the prediction step of
the navigation filter. A nonlinear Gaussian function is
selected as the radial-basis function in the network’s
hidden layer, with the K-means algorithm used to train
the hidden layer and the recursive least squares (RLS)
algorithm for training the output layer. The X-ray
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pulsar signals from the Crab pulsar are used as the sole
measurement source for the navigation system.

Training results indicate that the RBFNN is able to
capture the general trends in the output behaviours,
demonstrating a reasonable degree of effectiveness in
predicting these behaviours. Filter simulation results
highlight the superior accuracy of the navigation system,
achieving position estimation errors below 3 km. By
embedding the neural network directly into the filter’s
prediction step, our approach eliminates the need to
explicitly define perturbation acceleration terms during
network training and reduces the computational burden of
integrating highly nonlinear dynamic equations inside the
filter. Moreover, this system demonstrates the potential
for a fully autonomous spacecraft navigation solution
relying exclusively on X-ray pulsar signals, without
ground station support - which is a promising direction
for future space missions.

In future work, additional parameters, such as spacecraft
properties, could be included as inputs to the neural
network, allowing for greater flexibility and adaptability
to different spacecraft and missions. The approach
presented in this paper could also be readily applied to
other space missions, including those involving planetary
bodies or asteroids with highly uncertain gravitational
perturbations and unknown physical influences.
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