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Abstract—A Doppler tracking and beacon detection framework
for blind opportunistic navigation (BON) with low Earth orbit
(LEO) satellite signals is proposed. The BON framework cogni-
tively deciphers partially known signals of opportunity (SOPs)
and exploits them for navigation purposes. When only the band-
width and length of an M -ary phase shift keying (MPSK) SOP
beacon is available, the BON framework enables acquisition and
tracking of terrestrial and space-based SOPs in a blind fashion.
A computationally efficient algorithm is presented to blindly
detect the beacon signals and estimate the Doppler frequency.
The BON framework is applied to decipher the C/A pseudo-
random noise (PRN) sequences from four GPS satellites. The
experimental results show that the BON framework is capable of
cognitively detecting the PRNs of GPS satellites with a percent-
age of correctly detected chips ranging between 91% and 99%.
Another experimental example with signals from two Orbcomm
LEO satellites is presented, demonstrating an unmanned aerial
vehicle (UAV) navigating via the BON framework. The UAV
traversed a total trajectory of 782 m, achieving a position root
mean-squared error (RMSE) of 21.2 m.

TABLE OF CONTENTS

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

2. PROBLEM FORMULATION AND SYSTEM MODELS . .2

3. THE BON ARCHITECTURE . . . . . . . . . . . . . . . . . . . . . . . . .2

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

5. CONCLUSION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .5

ACKNOWLEDGEMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .6

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

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

1. INTRODUCTION

Terrestrial signals of opportunity (SOPs) [1–18] and SOPs
from low Earth orbit (LEO) satellites [19–27] have been
shown to be reliable navigation sources in global naviga-
tion satellite system (GNSS)-challenged environments. The
upcoming scheduled launches of thousands of broadband
internet satellites into LEO by private companies such as
OneWeb, SpaceX, Boeing, and others will dramatically in-
crease the potential of using LEO satellites for navigation
[28]. Some approaches consider adapting the broadband
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protocols to support navigation capabilities [20]. However,
significant changes to the existing infrastructures come at
a considerable cost. Hence, the aforementioned companies
may not be willing to pay this additional cost, or they may
charge the users for the extended positioning services they
would be offering. Alternatively, signals from both existing
and future broadband LEO satellites could be exploited and
be used in an opportunistic navigation framework [24–26].

The promise of sub-meter level accuracy was shown with
cellular SOPs [29–31]; however, such accuracies are only
achievable when the signal structure is fully known. The
signal specifications of private broadband systems such as
LEO broadband satellites may not be available to the public.
The unknown or partially known signal structure is one of the
main challenges in opportunistic navigation. In [32], a blind
opportunistic (BON) framework was proposed to tackle the
problem of partially known SOPs. Assuming that the SOP
follows a standard multiplexing scheme, e.g., code-division
multiple access (CDMA) or orthogonal frequency-division
multiplexing (OFDM), a BON receiver recovers the unknown
signal structure to provide a navigation solution in the ab-
sence of GNSS signals. Most communication systems em-
ploy a synchronization beacon for receiver timing and carrier
recovery. For example, in cellular CDMA, pseudorandom
(PN) sequences are used on the forward-link pilot channel
for synchronization purposes [33]. Other examples of such
beacons are the primary synchronization signal (PSS) and
secondary synchronization signal (SSS) in 4G long-term evo-
lution (LTE) and 5G New Radio (NR) systems. Even though
different broadband services may use the same modulation
schemes, their underlying configuration and parameters can
be different. For instance, the Globastar LEO satellite system
supposedly uses similar protocol to the IS-95 cellular CDMA
system but with different PN sequences [33]. As such, a
crucial stage in the architecture of a BON receiver is to
blindly detect the unknown PN sequence of the SOP in an
online fashion.

Blind estimation of unknown signal parameters has been
studied in the literature, e.g., [34–39]. Coherent integration
of the samples of the received signal is an essential step
in these algorithms, which are designed for blind detection
of PN sequences in the communication literature [34]. The
term symbol detection is also referred to as symbol decoding
or demodulation in the literature. these approaches do not
account for the high and time-varying Doppler shifts and
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delays that occur in LEO satellite communication, which
makes it impossible to coherently accumulate enough signal
power to reliably detect the PN sequence. Using high-gain
antennas to accumulate enough signal power for PN sequence
detection is considered in some other approaches [36], where
algorithms to decipher signals from Galileo and Compass
satellites were presented.

One of the contributions of the BON framework is the abil-
ity to cognitively detect the unknown PN sequence of any
broadband signal transmitter that uses a particular commu-
nication standard, e.g. CDMA, without the need of high-
gain antennas. Therefore, unlike [36], which concentrates
on deciphering one particular system, the BON framework
is able to cognitively decipher partially known SOPs via
a detection algorithm with a reasonable complexity and an
acceptable detection performance. In this paper, the archi-
tecture of the BON framework is proposed with a focus on
signals from LEO-based SOPs. The framework is tailored
for a scenario where the Doppler frequency is significantly
large and the operating signal to noise ratio (SNR) is low
in comparison to terrestrial SOPs, which is the case with
current and future LEO broadband communication systems.
Moreover, the paper assumes that the beacon signal sym-
bols are drawn from an M -ary phase shift keying (MPSK)
constellation. The main contributions of the paper are as
follows. First, a channel equalization algorithm tailored for
LEO satellite signals is developed. Second, algorithms for
blind chirp parameter estimation and blind beacon MPSK
signal detection are proposed. Third, experimental results
are presented showing (i) blind deciphering of GPS C/A
PRNs using the proposed framework and (ii) unmanned aerial
vehicle (UAV) navigating via the proposed BON framework
with real Orbcomm satellite signals, achieving a position root
mean-squared error (RMSE) of 21.2 m over a total trajectory
of 782 m.

The rest of the paper is organized as follows. Section 2
introduces the BON framework. Section 3 describes the
BON receiver architecture and develops the blind Doppler
estimation and beacon signal detection algorithms. Section 4
presents experimental results for GPS C/A PRN deciphering
and UAV navigation with Orbcomm LEO satellites. Conclud-
ing remarks are given in Section 5.

2. PROBLEM FORMULATION AND SYSTEM

MODELS

This section formulates the BON problem and presents the
models used in the rest of the paper.

Problem Formulation

The BON framework is designed to tackle the challenge
of the partially known nature of SOPs by cognitively ac-
quiring, deciphering, and tracking these signals. Cognitive
deciphering in the BON receiver refers to blind detection and
tracking of the beacon signals, which allows to exploit the
received signals for positioning and navigation purposes. The
problem of beacon signal detection requires the estimation of
a number of unknown parameters from the received signal.
It is assumed that the bandwidth of the transmitted signal
is known to the receiver. However, the channel between
the transmitter and the receiver, the Doppler frequency, the
MPSK modulation order, and the length and symbols of the
beacon sequence are unknown. Modulation classification
and blind period estimation are widely investigated in the
literature, e.g, [40]. In this paper, the length of the beacon

signal is assumed to be given.

By definition, a beacon or pilot signal is a known signal which
is used for timing and carrier synchronization purposes at the
receiver, e.g., the PN sequence in 3G cdma2000 systems or
the PSS, or SSS in 4G LTE and 5G NR systems. Correlation
receivers are typically used to detect the presence of beacon
signals and synchronize to them. It should be noted that
even at relatively low SNRs, the known beacon signals can
still be detected due to the properties of correlation receivers.
However, the beacon is unknown to a BON receiver and the
operating SNR is typically too low for reliable blind detec-
tion. Therefore, a crucial stage to increase the effective SNR
is coherent integration of the received signal. The Doppler
frequency must be estimated to be able to coherently integrate
successive transmissions of the beacon signal. Even after
mitigating the effect of the channel between the transmitter
and the receiver and increasing the effective SNR via coherent
integration, a naive symbol-by-symbol detection approach of
the beacon signal may fail. As such, a high-performance de-
tection algorithm is essential to reliably estimate the beacon
signal after coherent integration.

In summary, the four building blocks of a BON receiver
are: (i) blind channel equalization, (ii) blind Doppler acquisi-
tion/tracking, (iii) coherent integration, and (iv) blind beacon
detection/tracking. The detected beacon sequence is then
used by an SOP navigation receiver such as in [41] and [12]
to acquire, track, and navigate with the received SOP.

Received Baseband Signal Model

Let s(t) denote the beacon signal consisting ofN consecutive
symbols with symbol duration Tsymb. Each symbol is drawn
from an arbitrary MPSK constellation. The beacon signal
is continuously transmitted at a period of N · Tsymb. After
channel propagation and baseband sampling at interval Ts,
the complex baseband sample at the nth time-step of the
received signal can be modeled as

yr[n] =

∞
∑

i=−∞

αdi exp [j (2π∆f [n]n+ θ0)]x[n− iL− nd[n]]

+ w[n], n = 0, 1, . . . , (1)

where x[m] , hi(m) ∗ s[m] for n ≤ m ≤ n+ L− 1; hi[m]
are the channel coefficients at the ith period; ∗ denotes the

convolution operator;L = N
Tsymb

Ts

is the length of the beacon

in samples; ∆f [n] , fD[n]Ts is the normalized Doppler
frequency and fD[n] is the true Doppler frequency in hertz;
θ0 is the initial beat carrier phase; w[n] models noise and
interference; α is an unknown complex amplitude; di is the
ith low rate data symbol drawn from the same constellation
of the beacon signal (e.g. navigation bits in GPS signals); and
nd is the unknown delay of the received beacon signal which
can be modeled as

nd[n] =

⌊

td[n]

Ts

⌉

, td[n] , td0
−

∆fD[n]

fc
n, (2)

where ⌊·⌉ denotes rounding to the nearest integer and td0
is

the initial delay in seconds of the received beacon signal and
fc is the carrier frequency.

3. THE BON ARCHITECTURE

This section presents the architecture of the BON framework,
while considering the characteristics of LEO-based SOPs,
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e.g., high Doppler frequency and operation in a relatively low
SNR regime.

Blind Channel Equalization

Blind channel equalization [42, 43] uses a priori known
statistics of the beacon symbols in order to compensate for the
effect of channel. For a two-dimensional modulated beacon
(e.g.,MPSK), the classic constant modulus algorithm (CMA)
can be used to blindly mitigate the effect of the channel. To
this end, the CMA cost function is given by [42]

CFCMA = E
{

[

|y[n]|2 − ρ
]2
}

, (3)

y[n] =

Lc
∑

lc=1

yr[l]
∗wlc , (4)

and wlc is the lcth tap of the equalizer, Lc is the length of the
equalizer, and ρ is a constant which depends on the statistics
of the beacon symbols as

ρ =
E
{

|s[n]|4
}

E {|s[n]|2}
. (5)

The multi-modulus algorithm (MMA) introduced in [42] is
the sum of two one-dimensional cost functions and is given
by

CFMMA =

E
{

[Re {y[n]}
2
− ρ0]

2
}

+ E
{

[Im{y[n]}2 − ρ0]
2
}

, (6)

where Re {·} and Im {·}, denote the real and imaginary parts,
respectively, and

ρ0 =
E
{

|Re{s[n]}|4
}

E {|Re{s[n]}|2}
=
E
{

|Im{s[n]}|4
}

E {|Im{s[n]}|2}
. (7)

In the channel equalization stage of the BON framework,
the MMA algorithm is adopted due to its better convergence
properties in comparison with CMA. The least mean square
(LMS) algorithm is also used to minimize the cost function

(6) and to find the equalization filter taps {wlc}
Lc

lc=1.

Blind Doppler Estimation

Coherent Processing Interval for Doppler Estimation— As
mentioned previously, blind Doppler estimation is one of
the main challenges that has to be addressed in the BON
framework. The low effective SNR per degree of freedom
in many scenarios, e.g., spread spectrum, may impose a
large coherent processing interval (CPI). The blind Doppler
estimator in the BON receiver processes one CPI at a time
to estimate the Doppler parameters corresponding to the CPI.
Denoting the length of the kth CPI by I , one can rewrite the
observations corresponding to the kth CPI as

y
k , [y[kI], y[kI + 1], . . . , y[(k + 1)I − 1]]T. (8)

To accumulate enough energy, I has to be large enough to
include a sufficient number of complete cycles of the beacon
signal. Therefore I is chosen according to I = ψL, where ψ
is an integer determined experimentally based on the effective
SNR. For systems that operate at a low SNR regime, ψ
should be chosen be large enough to accumulate energy and
compensate for the low SNR. The low rate data symbols

di can be estimated and wiped-off using some correlation
techniques that will be described later. Unlike in the case
of GPS or terrestrial signals, the Doppler frequency ∆f [n]
cannot be assumed to be constant during the CPI. The signal
part of the observation includes a periodic beacon of length L
and its Fourier transform can be written as a pulse train with

period f0 = 1
L

. More precisely,

F

{

∞
∑

i=−∞

α exp (j2π∆f [n]n) s[n− iL− nd]

}

=

∞
∑

i=−∞

αS (if0)Π (f −∆f − if0) , (9)

where S(f) = F {s[n]} is the discrete Fourier transform of
s[n] and Π(f) is the pulse resulting from the time-varying
Doppler. As such, a proper sliding band-pass filter, is capable
of tracking the Doppler frequency changes in different CPIs
from S(f). Tracking the pulse trains from (9) results in
an ambiguity of an integer multiple of f0 in the Doppler
estimate. Using a nonlinear operation, such as raising the
received signal to the power of M , the beacon sequence
symbols s[n] and the low-rate data symbols di can be re-
moved from the observation vector. Ideally, the resulting
signal after removing the beacon and data symbols becomes a
pure tone, from which the Doppler frequency can be directly
tracked without ambiguity. However, it is important to note
that this method may fail since the Doppler frequency may
vary considerably during large enough CPIs. In such cases,
standard frequency estimators such as FFT peak-tracking
estimators will not capture the entire dynamics of the time-
varying Doppler frequency [44]. Assuming the Doppler
frequency can be modeled as a time polynomial of order p,
it can be shown that the peak-tracking estimator will yield
an estimation error that is a time polynomial of order p − 1.
Therefore, the magnitude of the estimation error may grow
unacceptably large in a peak-tracking estimator. In many
practical scenarios, the instantaneous Doppler frequency can
indeed be modeled as a time polynomial during one CPI;
therefore, a more sophisticated estimator must be employed.
Signals whose frequencies increase or decrease as a time
polynomial are referred to as chirp signals. A linear chirp
can be written as [45]

c(t) = exp (j2π(βt+ γ)t) , (10)

where β and γ are the parameters of the linear chirp signal.
In order for a BON receiver to have a reliable track of the
instantaneous Doppler frequency, the chirp parameters have
to be taken into account.

Wigner Distribution and Chirp Parameter Estimation—One
classic way of estimating the parameters of a chirp is through
the Wigner distribution [45], which for a single chirp signal
c(t) is given by

W (t, f) =

∫ ∞

−∞

c
(

t+
τ

2

)

c∗
(

t−
τ

2

)

exp (−j2πfτ) dτ.

(11)
For a linear chirp, i.e., c(t) = exp

(

j2π(βt2 + γt)
)

,

W (t, f) = δ (f − (2βt+ γ)) , (12)

where δ(·) is the Dirac delta function. The Wigner distri-
bution concentrates the energy on the time history of the
instantaneous frequency and can be used to estimate the
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parameters of a chirp. The sampled linear chirp c(t) at the
nth time instant of the kth CPI, i.e., (kI + n)Ts, is

c((kI + n)Ts) = ξ exp
(

j2π
mk

2
n2
)

exp (j2π∆fknTs) ,

(13)

where∆fk = 2kIβkTs+γk, T 2
s βk , mk

2
, and ξ is a complex

number with a constant phase. Direct implementation of
(11) is computationally inefficient, as the complexity grows
with I3 log I [46]. Alternatively, one can see from (13)
that one can search over certain values of m, wipe-off the
effect of m from (13), and take the FFT of the wiped-off
signal to estimate γ. This reduces the overall computational
complexity of chirp parameter estimation dramatically. The
proposed low computational complexity algorithm for chirp
parameters estimation is summarized in Algorithm 1.

Algorithm 1 Chirp parameter estimator

Input: yk

Output: β̂k and γ̂k
For mi ∈ [mmin, . . . ,mmax]

• Calculate ỹ
k
i [n] = exp(−j2π

m2
i

2
n)yk[n] for n =

kI, . . . , (k + 1)I − 1
• Calculate bmi

= argmax
{∣

∣FFT
(

ỹ
k
i

)∣

∣

}

.
End

Find
{

b̂k, m̂k

}

=
{

bm
î
,mî

}

where î = argmax
i
bmi

Calculate ∆̂fk =

{

b̂k
I

b̂k ≤ I
2

I−b̂k
I

b̂k >
I
2

Use (13) to calculate β̂k and γ̂k.

Coherent Integration

In this subsection, it is assumed that I = L. The following
results can be extended to I > L. Given an estimate of the
Doppler frequency, an estimate of the change in the beacon

signal delay t̂dk
at the kth CPI can be formed according to

t̂dk
=

k−1
∑

l=0

f̂Dl

fc
NTs.

Subsequently, the Doppler frequency can be wiped-off from
the original observation, resulting in

ŷk[m] , y[m+ kI] exp
[

−j
(

2π∆f̂km+ θ̂k

)]

⊗ δ[m+ kI − n̂dk
], 0 ≤ m ≤ L− 1,

(14)

where δ[·] is the Kronecker delta function, n̂dk
=
⌊

t̂d
k

Ts

⌉

,

θ̂k , 2πfct̂dk
is the estimated carrier phase, and ⊗ denotes

the circular convolution. Subsequently, F frames of the
resulting signal are accumulated according to

ỹ[m] =
1

F

(

ŷ0[m] +
F−1
∑

k=0

d̂kŷk[m]

)

≈ α′s[m−n0]+w
′[m],

(15)

where n0 , ⌊
td0
Ts

⌋ is the initial beacon signal delay; w′ mod-

els the resulting noise; α′ is a constant complex amplitude

capturing the channel effect, initial beat carrier phase, and

the residual Doppler; and d̂k = Πk
κ=0d̃r is the estimate of the

low rate data, where

d̃r = argmin
d∈M

∣

∣

∣

∣

∣

L−1
∑

m=0

ŷr[m]ŷr−1[m]∗ − d

∣

∣

∣

∣

∣

, (16)

and M is the MPSK constellation. Note that the signal part
of the right-hand side of (15) is a shifted version of the beacon
signal with a complex scaling. Let the vector z of length L

denote the resampled vector z̃ , [ỹ[0], . . . ỹ[L − 1]]T down
to the symbol rate. The vector z is then fed to the beacon
detection algorithm to decipher the beacon signal.

Blind Beacon detection

After wiping-off the Doppler and performing coherent inte-
gration, the resulting coherently integrated observation vector
is denoted by z. It should be noted that the length of the
vector z is equal to the length of the beacon signal, i.e., L.
The system model can be reformulated as

z = αs +w, (17)

where α is the unknown complex amplitude of the received
signal and is considered to be constant in the CPI and w is

the resulting noise. Also, consider the set L consisting allML

vector combinations whose elements are the integers between

0 toM−1. ForMPSK, a beacon sequence is s = exp
(

j2π
M

q
)

where q ∈ L. The problem of non-coherent blind detection
of q is addressed in the following subsection.

Beacon Search Algorithm — One can show that the non-
coherent maximum likelihood (ML) detector of q is

q̂ = argmax
q∈L

∣

∣

∣

∣

z
H exp

(

j2π

M
q

)
∣

∣

∣

∣

, (18)

where (·)∗ and (·)H are the complex conjugate and Hermitian
operators, respectively.

A solution to the optimization problem (18) consists of an
exponential brute-force search over all possible values of q.

The order of the brute-force search is MK . The detection
technique that has been used in [47] and in [48] can be used
to solve (18) in less than quadratic complexity.

The blind Doppler estimation and beacon detection algorithm
is summarized Algorithm 2.

4. EXPERIMENTAL RESULTS

In order to demonstrate the capability of the BON framework
in cognitively deciphering a signal of interest, two experi-
ments were conducted: 1) deciphering GPS PRNs from real
GPS signals and 2) navigating with LEO satellite signals
using the BON receiver.

Experiment 1: Deciphering GPS PRNs with the BON Re-
ceiver

The GPS L1 C/A signals contain PRN codes at 1.023 Mega
chips per second (Mcps), modulated by binary PSK (BPSK)
(M = 2) navigation bits at 50 bits per second (bps). Multiple
GPS satellites transmit simultaneously in the same channel
using CDMA. The experimental setup consists of a GPS
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Algorithm 2 Blind Doppler estimation and beacon detection

1. Channel equalization: Perform channel equalization
using (4).

2. Beacon wipe-off: Raise the observation samples to the
power of M .

3. Form the CPI: Form the CPI vector according to
equation (8).

4. Chirp parameter estimation: Use Algorithm 1 to
estimate the chirp parameters.

5. Coherent integration: Calculate the vector z via
coherent integration using (15).

6. Beacon signal detection: Solve (18) to detect the beacon
signal.

antenna, which was mounted on the roof of the Winston
Chung Hall at the University of California, Riverside, USA.
The GPS signals were down-mixed and sampled at 2.5 Mega
samples per second (Msps) via a National Instruments uni-
versal software radio peripheral (USRP). The samples of the
received signals were stored for off-line post-processing in
the proposed BON receiver according to Algorithm 2. Once
the Doppler frequencies are estimated, the residual carrier is
wiped off from the received signal, compensated for delays
due to Doppler, and coherently accumulated. The navigation
bits are wiped off by correlating two successive frames to
determine whether a transition occurred or not. The resulting
accumulations are decimated to the chipping rate of GPS
PRNs and processed by the beacon detection algorithm of the
BON receiver. Figure 1 shows scatter plots of the GPS PRNs
after coherent accumulation in the BON receiver and Table 1
shows the correctly detected chips percentage (success rate)
of the detected beacon signals using the BON receiver. It can
be seen from Table 1 that the PRNs were detected reliably
using the proposed BON framework.
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Figure 1. Experiment 1 scatter plots of four GPS PRNs
after coherent accumulation in the BON receiver.

Table 1. The percentage of correctly chips in four detected
GPS PRNs using BON receiver

PRN number 20 21 25 29

Success rate 96% 94% 91% 99.9%

Experiment 2: BON with LEO Satellite Signals

This experiment showcases UAV blind opportunistic naviga-
tion with signals from Orbcomm LEO satellites. To this end,
a carrier phase differential LEO (CD-LEO) framework was
used to produce a navigation solution. The base/rover CD-
LEO framework is detailed in [49]. The main difference over
[49] is that the BON receiver was used to produce Doppler
frequency observables instead of a dedicated Orbcomm re-
ceiver. The rover was a DJI Matrice 600 unmanned aerial
vehicle (UAV) equipped with an Ettus E312 USRP, and a
high-end very-high frequency (VHF) antenna. The base was
a stationary receiver equipped with an Ettus E312 USRP
and a custom-made VHF antenna. The receivers were tuned
to a 137 MHz carrier frequency at 2.4 Msps, which covers
the 137–138 MHz band allocated to Orbcomm satellites.
Samples of the received signals were stored for off-line post-
processing using the BON receiver. The base’s position was
surveyed on Google Earth, and the UAV trajectory was taken
from its on-board navigation system, which uses GNSS (GPS
and GLONASS), an inertial measurement unit (IMU), and
other sensors. The hovering horizontal precision of the UAV
is reported to be 1.5 meters by DJI. The experimental setup
is shown in Figure 2. The UAV traversed a total trajectory of
782 m in 90 seconds.

DJI Matrice 600

VHF quadrifilar
helix antenna

Ettus E312
USRP

Custom-built
VHF quadrifilar
helix antenna

Ettus E312
USRP

Rover Base

Laptop

Figure 2. Experiment 2 setup.

Over the course of the experiment, the receivers on-board
the base and the UAV were listening to 2 Orbcomm SVs,
namely FM 108 and FM 116. The proposed framework was
used to track the Doppler from the received Orbcomm signals
throughout the trajectory. The estimated Doppler frequencies
were used to form carrier phase observables, which were then
processed in the CD-LEO framework to produce a navigation
solution. Two navigation solutions were computed: (i) using
the Doppler measured by the software-defined radio (SDR) in
[50] and (ii) the Doppler estimates produced by the proposed
BON framework. The position RMSEs were calculated to
be (i) 15.03 m and (ii) 21.2 m, respectively. The true UAV
trajectory and the estimated trajectory are shown in Figure 3.

5. CONCLUSION

This paper proposed a BON framework, tailored for LEO
satellites, for exploiting SOPs with partially known signal
specifications. Two main challenges of a BON receiver were
addressed. First, a chirp parameter estimation algorithm
was proposed to estimate and track the Doppler frequencies
of detected LEO-based SOPs. Second, a blind detection
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UAV trajectories:

Base's position

CD-LEO: 15.03 m
BON-CD-LEO: 21.2 m

GNSS-INS
BON-CD-LEO
CD-LEO

Position RMSEs:

Figure 3. Experiment 2 results demonstrating a UAV
navigating with Orbcomm LEO satellite signals using the

proposed BON framework.

algorithm was proposed to detect the unknown beacon signals
of the SOPs. The BON receiver was applied to decipher four
GPS C/A PRNs from real GPS signals with a success rate
ranging from 91% to 99.9%. Moreover, experimental results
were presented showing a UAV navigating with signals from
two Orbcomm LEO satellites using the proposed framework
with 21.2 m position RMSE for a total trajectory of 782 m.
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