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Abstract—We demonstrate a fully Bluetooth Low Energy
(BLE)-based phased-array radio system (PARS)-aided GNSS-
denied navigation system using a single ground-based sensor
unit. We apply a Bayesian estimation framework to obtain
range measurements from the raw tones of BLE channel
sounding measurements, outperforming the conventional IFFT-
based methods, and use them alongside azimuth and elevation
measurements obtained using BLE Direction Finding. The PARS
measurements are fused with inertial sensor data using a factor
graph optimisation (FGO) algorithm with robust cost functions
to handle outliers. We compare the navigation performance with
that of a 5-anchor ultra wideband (UWB) multiranging system,
which we consider to be a comparable navigation system in
terms of cost and commercial availability, but requires more
infrastructure.

Index Terms—Bluetooth LE, phased-array radio systems,
GNSS-denied navigation, phase-based ranging, factor graph
optimisation

I. INTRODUCTION

Global navigation satellite systems (GNSS) fused with
inertial navigation systems (INS) is the classic approach for
global navigation across domains and platforms navigating
under open skies. However, GNSS is highly vulnerable to
radio frequency interference (RFI) due to its low signal power
[1]. There are several alternatives to GNSS-denied navigation
using e.g., camera-based methods such as visual odometry
[2], visual simultaneous localisation and mapping (VSLAM),
and Lidar SLAM [3]. However, these all struggle in visually
degraded and/or self-similar environments, such as when flying
over water. An option to address this potential problem is local
radio-based navigation.

In previous work, fusion of range and bearing measurements
from a commercial phased-array radio system (PARS) with
measurements using an inertial measurement unit (IMU) has
been the focus [4], [5]. A unique advantage with such a
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system is the ability to resolve the 3D position of a vehicle
from a single antenna array, which could simplify deployment
compared to deploying three or more anchors for multi-
ranging.

With the introduction of direction finding (DF) to the Blue-
tooth 5.1 standard in 2019, phase-based localisation was made
available at low cost, primarily due to cheap, mass produced
components and a design with a single transmitter/receiver that
switches between the antennas in the array. Bluetooth Low
Energy (BLE) DF supports angle-of-arrival (AoA) estimation,
where the anchor transmits a signal to one or more arrays that
estimate the arrival angles of the incoming signals.

There is a vast literature on algorithms for DF, see e.g.,
[6], [7], we use direct data acquisition of propagators (PDDA)
[8] for its simplicity. The three-dimensional position of the
transmitter can be found from multiranging, which requires
multiple arrays. Since it is narrow-band, multipath is particu-
larly challenging for Bluetooth. The reflected wave interferes
with the direct wave, which materialises as coloured noise in
the DF estimates. Effects on DF and mitigation of NLOS and
multipath are shown in [9].

Bluetooth has indirectly supported range estimation via
received signal strength and round-trip timing (RTT). How-
ever, for many applications the accuracy obtained with these
ranging techniques is not sufficient to provide a meaningful 3D
position estimate from a single range measurement combined
with a single antenna array and phase-based DF.

In 2024, Channel Sounding (CS) was introduced in the
Bluetooth 6.0 release [10]. CS supports both Phase-based
Ranging (PBR) and Round-Trip Timing (RTT) distance mea-
surement methods [11]. The specification standardises CS
execution at the controller level, but leaves data processing
and performance optimisation to the implementer. To this end,
multiple algorithms have been developed that perform ranging
using phase measurements. Since the phase variation between
frequencies depends linearly on the propagation distance, it is
possible to measure range by phase measurements [12]. Two-
way measurements allow for elimination of phase offsets and
ambiguities, enabling unambiguous range over a maximum
distance determined by the frequency spacing. Algorithms
such as Multicarrier Phase Difference (MCPD), FFT-based
methods, and super-resolution-based methods have demon-
strated centimetre-level accuracy on commercial hardware



[13]–[15]. Furthermore, [16] and [17] evaluate the perfor-
mance of different estimators against the Cramér–Rao bound.
The results in [16] indicate that the estimation based on
IFFT achieves the lowest mean squared error (MSE) amongst
classical estimation methods. In [17], a Bayesian estimator
is proposed that reaches the modified Cramér–Rao bound at
high signal-to-noise radio (SNR) and outperforms existing
estimators by approximately 6 dB.

A. Main contribution

Various research has demonstrated the potential for local-
isation using BLE CS or DF [16]–[18]. [19] has used DF
in a navigation system and fused DF estimates (azimuth
and elevation) with inertial measurement unit (IMU) data.
However, [19] did not use the CS-based range estimates to
aid the INS. To the best of our knowledge, we are the first to
demonstrate the fusion of both CS and DF measurements with
inertial sensors to obtain a fully BLE-based PARS (BLEDAR)-
aided GNSS-denied navigation system using a single ground-
based sensor unit. The PARS measurements are fused with
IMU measurements using factor graph optimisation (FGO) in
a tightly coupled manner, as opposed to the error state Kalman
filter used in [4], [5].

We investigate navigation performance in a practical out-
door environment navigating a multirotor unmanned aerial
systems (UAS), where the only source of position is range,
azimuth, and elevation PARS measurements. The phase-based
range is computed using a Bayesian estimator [17]. We com-
pare the navigation performance with that of a 5-anchor ultra
wideband (UWB) multiranging system, which we consider
to be a comparable navigation system in terms of cost and
commercial availability, but requires more infrastructure. We
also add barometer aiding to the navigation system to improve
overall performance when PARS measurements degrade due
to NLOS, multipath or low SNR. We consider the estimates
from an FGO with real-time kinematics (RTK)-GNSS position
measurements as the ground truth position reference. The
core FGO and IMU measurements are the same in the three
configurations.

II. PRELIMINARIES

Vectors and matrices are given in lowercase and uppercase
bold-fond letters, v and V , respectively. [a]× denotes the
skew-symmetric matrix of a 3D vector a, ∥ • ∥ denotes the
Euclidean norm of a vector, whilst | • | denotes the norm
of a complex number. The transpose and complex conjugate
are given by v⊤ and vH, respectively. We consider three
coordinate frames, as illustrated in Fig. 1 and described below:

• The local North-East-Down (NED) navigation frame {n}
that has its origin in the centre of the PARS ground
antenna array,

• the BODY-fixed frame {b} that has its origin at the BLE
transmitter antenna on the robot, and

• the BLE PARS radio frame {r} that has the same origin
as NED, but with axes aligned with the PARS antennas.

yn

zn

xn

Boresight

zr

xr

yr

Ψ

Array tilt
angle

αn

α

Transmitter

Ψn

Horizon

Fig. 1. Illustration of array setup with coordinate frames {r} and {n}, and
the angle notation used for directions from the array. Ψ is the azimuth angle.
α is the elevation angle. yr is the boresight direction, which is the direction
where the antenna elements have the maximum gain. xn is the North direction
and Ψn is the heading angle to the transmitter relative North.

With this notation, pn
rb describes the position from {r} to {b}

expressed in {n}.

A. Bluetooth Low Energy Direction finding

BLE DF relies on a constant tone extension (CTE) period
that is appended to regular BLE advertisement packet before
transmission. This CTE is a sequence of unwhitened binary
ones which results in a fixed-frequency sine wave being
transmitted. For AoA estimation, the receiver samples the
array by switching through the elements in a pre-determined
switching pattern throughout the CTE period. For DF we
define the azimuth (Ψ) and elevation angle (α) of the in-
coming signal as illustrated in Fig. 1. For more details, see,
e.g., [18]. Since sampling is done whilst switching between
antenna array elements in sequence (not simultaneously), it is
convenient to assume that there is a constant bearing between
the tag/transmitter and the DF antenna array over the CTE
period.

To estimate the angles Ψ and α from the measured baseband
signal x(t) = i(t) + jq(t) ∈ Cm from a single source, we
employ the following measurement model [20]:

x(t) = a(Ψ, α)s(t) + n(t). (1)

Here, s(t) ∈ C is the transmitted baseband signal waveform,
n(t) ∈ Cm is additive noise and

a(Ψ, α) = e
2πj
λ P a⊤l(Ψ,α) ∈ Cm, (2)

is the far-field/plane wave steering vector, λ is the wavelength
of the signal, and P a is the matrix of array antenna positions

P a =
[
pa
1 , . . . ,p

a
m

]
∈ R3×m, (3)

and the line-of-sight direction unit vector is expressed as

l(Ψ, α) =

sin(Ψ) cos(α)
cos(Ψ) cos(α)

sin(α)

 , (4)

as illustrated in Fig. 1.



Before further processing, the drift caused by the carrier
frequency offset (CFO) between transmitter and receiver must
be compensated. Similarly to [18], the CFO is estimated using
all the data from the CTE. The corrected IQ measurements x̄
from the full CTE are assumed to be simultaneous, before they
are used to compute the pseudo-spectrum from

P (Ψ, α) = |a(Ψ, α)Hx̄|2. (5)

The estimated azimuth and elevation cf. (4), Ψ̂ and α̂, corre-
spond to the peak of P (Ψ, α), which are estimated through a
coarse and a fine search.

B. Bluetooth Low Energy Channel Sounding

Channel Sounding operates in the 2.4GHz Industrial, Sci-
entific, and Medical (ISM) band, similarly to conventional
Bluetooth and BLE systems. It employs a channelisation
scheme consisting of 80 channels with 1MHz spacing. For
phase-based ranging, this spacing determines the unambiguous
distance, dmax = c

2∆f , which for ∆f = 1MHz corresponds to
approximately 150 m [12].

In this work we only use PBR to estimate range. To avoid
interference with BLE advertising channels (37, 38, and 39),
overlapping frequencies are excluded from operation. As a
result, 72 out of the 80 defined channels are available for
Channel Sounding measurements [21].

Phase-based ranging measurements are based on the active
reflector principle, which has been extensively studied in prior
work [13], [14], [17], [22]. In essence, the Initiator and Reflec-
tor exchange single-tone signals to estimate the bidirectional
channel frequency response (CFR), yielding a two-way CFR
measurement. Specifically, the Initiator transmits a tone at
frequency fk, selected from a predefined set of Kf channels
uniformly spaced at ∆f . At the receiver side, the Reflector
measures the phase and responds with a tone at the same
frequency whilst also transmitting the corresponding one-
way measured CFR to the Initiator. After this exchange the
Initiator has both CFRs. The procedure is repeated over Kf

frequencies.
The collected CFRs consist of a pair of complex baseband

observations for each tone:

ỹR,k = aR,ke
jθR,k = xR,k + wR,k, (6)

ỹI,k = aI,ke
jθI,k = xI,k + wI,k, (7)

where the subindex I and R refer to Initiator and Reflector,
respectively, and k is the frequency index. The noiseless
signals xR,k and xI,k are modelled as

xR,k = aRe
j(−2π∆f (ρ/c0)+∆ϕk), (8)

xI,k = aIe
j(−2πk∆f (ρ/c0)−∆ϕk), (9)

where aR and aI are the amplitudes of the transmitted tones,
k the tone index, ∆f the space between tones, ρ the distance
between the radio units, c0 is the speed of light, and ∆ϕk

accounts for both small epoch misalignments between the
transceivers and the phase offset arising from their local oscil-
lators. Finally, wR(fk) ∼ N (0, σ2

0) and wI(fk) ∼ N (0, σ2
0)

denote the white Gaussian noise at the Reflector and Initiator,
respectively, with variance σ2

0 . The noise is assumed i.i.d.
between the Reflector and Initiator, and across different tones.
The signal model assumes a constant ρ, i.e., both radios remain
static throughout the measurement procedure, and may be
inaccurate at higher drone velocities.

We estimate the range using the Bayesian algorithm de-
scribed in [17]. The range is found by

ρ̂ = argmax
ρ

M(ρ), (10)

where the metric is computed with

M(ρ) =

Kf∑
k=1

log I0

(
2 cos

(
−2πfkρ

c0
− θR,k + θI,k

2

))
,

(11)

where I0(•) denotes the modified Bessel function of the first
kind. As the metric (11) is multimodal, a variant of the Local-
to-Global Maximum Search (LGMS) algorithm is used to
identify the global maximum. Following [17], the search is
initialised using the IFFT-based estimator [14], and a gradient-
based search is applied to ensure convergence to a local
maximum. Subsequently, the metric is evaluated at offsets
of ±2.4m from this first estimate and over the interval from
zero to the maximum unambiguous range. The three largest
candidate values are selected, and each is further refined using
a gradient-based local search. The index corresponding to
the highest refined value is returned as the distance estimate,
representing the global maximum of the metric.

III. INTEGRATED NAVIGATION SYSTEM

The integrated navigation system is an extension of that
found in [19] and is an INS aided by BLE PARS and GNSS
measurements based on incremental fixed delay smoother
(iSAM2) [23] found in the GTSAM C++ framework for FGO
[24]. I.e., fusing IMU, GNSS, and BLE PARS measurements.
It estimates the state of the robot pose, velocity, and IMU
biases on the form x̂ ≜ (T̂ n

b , v̂n
nb, b̂b) ∈ SE(3)× R3 × R6,

where the matrix Lie group SE(3) is defined as the set of
poses T ∈ R4×4

SE(3) ≜

{
T =

[
R p

01×3 1

]∣∣∣∣ R ∈ SO(3),
p ∈ R3

}
, (12)

where R ∈ SO(3) is a 3 × 3 rotation matrix, which is itself
part of the SO(3) matrix Lie group [25], and p is a position
vector.

The fixed-lag smoother is configured with a smoother lag
of 5 seconds with a re-linearisation threshold of 0.001 and to
use QR for numerical factorisation.

A. On-manifold IMU preintegration

The state prediction between the navigation system’s mea-
surement updates is driven by the on-manifold IMU preinte-
grator found in GTSAM [26]–[28] which use the information



from accelerometer and gyroscope measurements between
time steps i and j as

∆R̃ij = R⊤
i RjExp (wo)

∆ṽ ij = R⊤
i (vj − vi − g∆tij) +wv

∆p̃ij = R⊤
i (pj − pi − vi∆tij −

1

2
g∆tij

2) +wp,

(13)

where wo, wv , and wp are gyroscope, accelerometer, and
preintegration white noise, respectively.

B. Measurement models and factors

All factors need its Jacobian before they can be added to the
graph prior to optimisation. These are defined with respect to
the Lie algebra se(3) where the local perturbation ξ is defined
as

ξ ≜
[
ξo

⊤ ξp
⊤]⊤ ∈ R6, (14)

which can be expressed on the Lie algebra using the hat
operator ∧ [25]:

se(3) ≜

{
ξ∧ =

[
[ξo]× ξp
01×3 0

]∣∣∣∣ [ξo]× ∈ so(3),
ξp ∈ R3

}
, (15)

where ξo and ξp are small increments in rotation and transla-
tion expressed in {b}, respectively. The Jacobians were found
by the chain rule

∂h•

∂ξ∧
=

∂h•

∂pn
rb

∂pn
rb

∂ξ∧
, (16)

where h• represents one of the measurements in (18) (i.e.,
z• = h•(x) + ε•).

1) RTK-GNSS: In an initial stabilisation period, the mul-
tirotor is aided by RTK-GNSS position measurements, with
measurement model and Jacobian H•, given by

zn
RTK = pn

nb + ε, (17a)

hRTK(T̂ ) = p̂n
nb, (17b)

HRTK =
[
03×3 R̂n

b

]
, (17c)

where lbRTK is the RTK-GNSS baseline between two GNSS
antennas on the multirotor.

2) BLE PARS: Similar to previous work [4], [19], [29], we
use the PARS measurement model below

zr
PARS =

 ρ̂r

Ψ̂r

α̂r

 =


∥pr

rb∥2 + ερ

arctan2
(
prrb,y, p

r
rb,x

)
+ εΨ

arctan2
(
−prrb,z, ρ̂

r
)
+ εα

 , (18)

where ε• represent zero-mean Gaussian noise and ρ̂r, Ψ̂r,
and α̂r are the range, azimuth angle, and elevation angle
measurements expressed in {r}, respectively, estimated using
DF and CS.

Based on the measurement model (18) and the chain-rule
(16), the resulting PARS Jacobians are

Hρ =
1

∥p̂r
rb∥2

(p̂r
rb)

⊤Hp (19a)

HΨ =
1

p̂2x + p̂2y

[
−p̂y p̂x 0

]
Hp (19b)

Hα =
1

∥p̂r
rb∥22

[
pxpz√
p̂2
x+p̂2

y

pypz√
p̂2
x+p̂2

y

−
√
p̂2x + p̂2y

]
Hp,

(19c)

as in [19], where Hp is essential to relate the measurements
to the Lie algebra and the position error. This was done in
[19], [29] via the first-order approximation:

pr
rb ≈ p̂r

rb +
∂pr

rb

∂ξ∧
ξ = p̂r

rb +Hpξ, (20)

resulting in the group Jacobian

Hp = [03 (Rn
r )

⊤R̂n
b ], (21)

relating the measurement expressed in {r} to se(3).

C. UWB range factors

When using the UWB for comparison to the BLE PARS
system, we use the following measurement model

zUWB,k = ∥pn
nb − pn

nuk
∥2 + ερk

(22)

hUWBk
(T̂ ) = ∥p̂n

nb − pn
nuk

∥2, (23)

with Jacobians

Hρk
=

1

∥p̂n
nb − pn

nuk
∥2

(p̂r
rb − pn

nuk
)⊤Hp (24)

Hp = [03 R̂n
b ], (25)

where uk represents the position of the k-th UWB anchor.

D. Barometric factor

We also used a barometer to provide vertical corrections
with a factor based on the GTSAM’s internal barometric factor.
Instead of using GTSAM’s two-way factor, also estimating the
barometer bias effect on the height, we calculate the pressure
bias and statically compensate for this before take-off directly
to the pressure measurement. The modified factor is given as:

zbaro =
pbaro,comp

101.29

1/5.256 · 288.08− 288.14

−0.00649
+ εbaro

(26a)

pbaro,comp = pbaro − bbaro (26b)

ẑ =
[
0 0 −1

]
p̂n
nb (26c)

Hbaro,SE(3) =
[
01×3

[
0 0 1

]
R̂n

b

]
(26d)

where εbaro is zero-mean Gaussian noise. pbaro is the baromet-
ric pressure measurement given in kPa and calculated using

pref = p0 exp

(
Mgh

RT

)
(27)

bbaro = pbaro,avg init − pref (28)



where p0 is the pressure in kPa at mean sea level, M =
0.028 96 kmol−1, g = 9.806 65m s−2, h is the altitude above
mean sea level before launch, R = 8.3144 J/(molK) being
the universal gas constant and T is the temperature. Eq.
(26a) is based on the Earth atmosphere model [30] similar
to GTSAM’s internal barometric factor.

E. Geman Mc-Clure M-estimator for outlier mitigation

We use the generalised Geman-McClure M-estimator from
[31], being a robust cost function, to mitigate the effect of
outliers in the BLE PARS measurements. It is described by
its cost function

QG(z̃) =
1

2

c2z̃2

c2 + z̃2
, (29)

where c is its threshold value and z̄ is a residual between
predicted and observed measurement. Whenever z̄ ≤ c, its
behaviour will be close to a least-squares estimator, but it
aggressively de-weights outliers outside the threshold. The
smoothness of the objective makes it suitable for real-time op-
erations, but a potential drawback is that it may remove nearly
all useful information if the measurement source is noisy.
Potential mitigations may be using a more lenient threshold
for noisier elevation angle measurements, since these are more
prone to multipath effects, to retain sufficient information to
keep the estimation problem observable.

IV. EXPERIMENT SETUP

The multirotor UAS flight experiment data were obtained
from an experimental campaign at one of NTNU’s test sites
near Trondheim. The multirotor flight pattern for the ex-
periment is shown in the North–East plane in Fig. 2. The
experiment was conducted as a sequence of level horizontal
flights at fixed altitudes, with altitude changes occurring only
between segments. The RTK range in Fig. 6 provides a proxy
for these altitude steps. The experimental setup consisting of
the multirotor payload in Fig. 3, as well as the ground station
in Fig. 4, is shown in Fig. 5.

Both the payload and the ground station are equipped with
a Raspberry Pi 4B single-board computer, the Sentisystems
Sentiboard v1.3 for sensor interfacing and logging, Nordic
Semiconductor nRF52833 development kits (devkits) for DF,
and Nordic Semiconductor nRF54L15 development kits for
CS with the external omnidirectional patch antenna Stingray
WA.500w from Taoglas.

The multirotor is also equipped with two uBlox ZED-F9P
GNSS receivers that are configured as rover and moving base
as an accurate reference for comparison (ground truth). The
STIM300 tactical grade IMU provides delta velocities and
delta angles inertial measurements together with temperature.
The multirotor flies a pre-programmed plan, controlled using
ArduCopter v4.6.0 running on a Pixhawk Cube Orange autopi-
lot that navigates independently, using its own GNSS-based
sensor suite. However, we also supplement the PARS-based
aided INS with the MS5611 barometric pressure sensor from
the autopilot.
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Fig. 2. RTK-GNSS-based flight pattern of multirotor UAS in North-East
plane. The squares denote the positions of the UWB anchors, whilst the star
denotes the position of the co-located PARS array and UWB anchor
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Fig. 3. UAS payload hardware schematic, adapted from [18].

The ground setup has a uBlox ZED-F9P GNSS receiver
that both receives RTCM corrections from our fixed base
station and sends RTCM corrections to the moving base GNSS
receiver in the drone. The ground DF devkit is connected
to a 12-element antenna array with truncated corner right-
handed circular polarisation (RHCP) patch antenna elements
in a 15 × 15 cm frame pattern, with 5 cm antenna spacing.
The time of arrival of the DF IQ samples from the ground DF
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Fig. 4. Ground hardware schematic, adapted from [18].



Fig. 5. Multirotor UAS on the take-off stand, above the ground station with
the 12-element antenna array and the CS antenna. The directional antenna
on the UAS used for DF is seen in white, mounted in the front of the grey
payload box. The smaller box in the lower right corner is a UWB anchor.
After take-off, the wooden stand was moved.

TABLE I
NOMINAL MEASUREMENT RATES.

Sensor Rate

IMU 2000Hz
RTK GNSS 1Hz
DF azimuth & elevation 16− 17Hz
CS range 0.5Hz
Barometer pressure 10Hz
UWB range 10Hz

devkit lags behind the time of validity, when the signal was
sent from the drone. To synchronise the DF IQ samples with
the IMU and the other drone-side sensors, the drone-side DF
devkit associates every CTE with a counter that is transmitted
to the ground station in the BLE data packet associated with
the CTE. When the CTE is sent, the devkit toggles a GPIO pin.
This is detected and timestamped by the SenTiBoard. Then the
IQ samples are associated with their time of validity (TOV)
through the counter which is logged both on the ground and
in the drone.

The drone is also equipped with a BeSpoon UM100 UWB
tag, which performs range measurements against five anchors
placed on the ground, see Fig. 2.

The nominal measurement rates of the multirotor sensor
suite are given in Table I. The UWB ranges rates vary signif-
icantly in practice due to coverage differences for individual
beacons. The DF devkits run custom firmware based on the
Nordic Semiconductor’s DF connectionless sample code [32]
[33], with version 3.1 of the nRF Connect SDK (NCS). The
modifications include

• Using the Zephyr Bluetooth soft device, to allow for 16
bit IQ samples.

• Using additional 8dB transmit power.
• Robustification to minimise downtime spent finding the

transmission source in the event that the multirotor tem-
porarily moves outside the array’s range.

• Optimised CTE length and antenna array switching pat-
tern, to improve CFO estimation, see [18].

Similarly, the CS devkits run a version of the Nordic Semicon-
ductors connection-based channel sounding sample [34] for
NCS v3.1, which has been robustified and adapted to lower
SNR scenarios by increasing the minimum- and maximum
subevent lengths at the cost of higher update rates in high
SNR environments.

When performing DF with the Zephyr soft device, all
data channels (0-36) are used to send CTEs, whilst channel
sounding uses the 80 channels mentioned above in the same
band with 1MHz spacing. Consequently, there is a risk of
collisions, i.e., self-interference when performing CS ranging
and DF broadcasting simultaneously. However, given that DF
uses pseudo-random channel hopping through the Channel
Selection Algorithm (CSA) 2 [11], the chance of collision
is acceptably small. To further reduce the risk of collision,
CS could use CSA 3b (pseudo-random hopping) instead of
CSA 3c (linear sweep), see [11], which could also improve
the accuracy of the range [35]. In a more integrated BLE
navigation stack, DF and CS could be separated in time or
set to use different channels, to potentially improve overall
performance.

The rotation between {r} and {n} was determined by
applying the Fast Optimal Matrix Algorithm (FOAM) [36]
using BLE DF and RTK range together with RTK position
measurements. Similarly to [19], the RTK range information
was used in this calibration to avoid the risk of outliers in the
CS-based range estimates adversely affecting the estimation
of antenna array mounting angles.

The tuning parameter for the aided INS, the initial state
uncertainties, and the measurement standard deviations are
given in Tables II to IV. We here note that IMU datasheet
values are scaled to accommodate platform induced vibrations.
The Geman-McClure M-estimator was kept close to its default
GTSAM configuration for both the UWB range and BLEDAR
azimuth and range, with a slightly stricter threshold value of
c = 0.9, whilst a more lenient threshold value of c = 3 was
used for BLEDAR elevation angle measurements. The number
of outliers noticeable in Fig. 6 motivated the stricter threshold
for the CS range, but the infrequent measurement rate could
also be an argument for selecting a more lenient threshold, in
order to ensure sufficient information available for estimation.

V. RESULTS AND DISCUSSION

The estimated range and azimuth and elevation angles from
the DF and CS setup during the flight described in the previous
section are shown in Fig. 6 and compared to the equivalent
signal derived from RTK-GNSS. Here, we clearly observe
DF and CS measurements being received simultaneously.
Hence, any BLE channel collision present is not detrimental,



TABLE II
IMU PARAMETERS FOR INS.

Parameter Value Units
VRW 0.07 m/s/

√
Hz

ARW 0.15 deg/
√

Hz
Bias instability accelerometer 0.05 milli-g
Bias instability gyroscope 0.5 deg/hour
Tacc, Tars 3600.0 s
g0 9.80665 m/s2
Accelerometer noise scaling 33.0
Gyroscope noise scaling 100.0
Bias scaling 5.0

TABLE III
INITIAL STATE UNCERTAINTY.

Parameter Value Units
Roll and pitch 25 ◦

Yaw 150 ◦

Horizontal position 2.5 m
Vertical position 5.0 m
Velocity 0.5 m/s
Accelerometer bias 0.1 m/s2
Angular rate sensor bias 0.5 ◦/s

but reducing the risk further might improve the performance
and/or robustness.

One can observe a time period between 250-400 seconds1

and one shorter period before 600 seconds without DF es-
timates. During the entire experiment, we have CS range
estimates, but these have more outliers than the DF estimates.
More DF noise can be observed between 800 and 1000
seconds. This is due to reduced SNR as a result of the
reduced antenna gain at large angles away from boresight,
as seen in Fig. 6. Regarding the CS range, one can observe
that this has low noise when disregarding significant outliers.
However, the data indicate a small, but persistent, bias in
the range estimate. This is most likely due to an additional
experienced propagation distance as a result of latency inside
the electronics.

As mentioned in Sections II-A and II-B both the principles
and algorithms for the estimation of the DF and CS range are
indirectly or directly based on the assumption of zero relative
velocity between the transmitter and receiver. Nevertheless,
both setups and algorithms provide estimates of direction
and range with a similar mean, but more noise than the
equivalent signals derived with RTK-GNSS cf. Fig. 6 during
flight. Still, it would be valuable to study if any performance
improvement could be made for both DF and CS if the zero-

1Due to a human error

TABLE IV
MEASUREMENT NOISE STANDARD DEVIATIONS.

Measurement Value Units
RTK-GNSS pos 1.5, 1.5, 3.0 m
BLE PARS (azimuth, elevation, range) 5, 5, 3.5 ◦, ◦, m
UWB range 1.5 m
Barometric altitude 3.0 m
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Fig. 6. Top: Azimuth, elevation, and range measurements from BLE
Direction Finding and Channel Sounding compared to RTK-GNSS derived
measurements in the multirotor experiment. Bottom: Zoom-in on a section
with more notable noise.

TABLE V
NED POSITION RMSE COMPUTED AGAINST RTK-GNSS REFERENCE

DURING 400 ≤ t ≤ 1375. THE ESTIMATED POSITION USING RTK-GNSS
POSITION THROUGHOUT SERVES AS A BENCHMARK.

North [m] East [m] Down [m] Norm [m]

RTK-GNSS 0.107 0.087 0.072 0.155
BLE DF+CS No robust 6.794 7.167 12.872 16.224
BLE DF+CS GmC 1.386 1.479 2.517 3.232
UWB Multilateration No robust 1.421 1.033 0.908 1.978
UWB Multilateration GmC 0.618 0.620 0.904 1.258
Barometer No robust 2.922 5.672 1.004 6.459
Barometer GmC 0.860 1.218 0.605 1.609

velocity assumption could be relaxed by using the INS velocity
estimates to compensate for velocity during RF sampling.

The estimation error with uncertainty for the aiding from
RTK-GNSS and BLEDAR using Geman-McClure relative to
RTK-GNSS is shown in Fig. 7, whilst the RMSE statistics
for RTK-GNSS and BLEDAR based INS aiding, with and
without the robust Geman-McClure error function, are shown
in Table V. The time interval of analysis is selected from 400s
(after extended DF dropout) to 1375s (landing). One can see
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Fig. 7. NED position estimation error and 3σ-bounds (same-coloured shaded
area) using BLE PARS, BLE PARS + baro, and UWB ranges to aid the
INS. Both GNSS-denied INS aiding strategies use the Geman-McClure M-
estimator for down-weighting measurement outliers.

from the RMSE results that the Geman-McClure cost function
significantly improves the position estimation performance.

The estimation error increases during the transition from
INS aiding from RTK-GNSS to PARS. This is expected since
the PARS measurements have higher uncertainty and lower
accuracy than RTK-GNSS and the PARS measurements also
relate to the INS position more non-linearly than GNSS-RTK
cf. the measurement models and Jacobians of (17) and (21).

Around 550 seconds the position error begin to oscillate
more. In this time window there is a shorter time window
where DF drops out at the same time as there are significant
outliers in the CS range measurements available cf. Fig. 6.
The result is that the position error begins to drift due to
INS dead reckoning. This is also expected, but the drift in
the north direction is larger in magnitude than the uncertainty
estimates predict as seen in Fig. 7. The reason for this is
likely a combination of coloured PARS measurement noise,
non-ideal down-weighting of erroneous measurements, sub-
optimal estimation of unobserved states like attitude, and sub-
optimal tuning. These effects combined negatively affect the
bias estimates, again exaggerating the INS drift. However, we
do note that when considering the RMSE, using the robust
error function largely mitigates the issues here.

Using the barometer in addition to the PARS measurements
clearly improves the position estimation performance, as seen
in Table V and Fig. 7. Both with and without using the robust
error function significant performance gains are made here.
In the time period in which DF is unavailable after RTK-
GNSS handover, this is particularly evident. The drift in North
direction is mainly prevented, and most of the spikes in Down-
position estimate are mitigated. This may be explained by the
fact that the barometric pressure provides an additional source
of vertical information to the CS range, which helps stabilise
the estimate when faced with the notable outliers in the latter
seen in Fig. 6.

From Table V and Fig. 7 one can clearly see that the

UWB-aided INS outperforms the INS aided by BLE-based
PARS measurement. Given results like [37], [38] it is expected
that UWB-aided INS has high-performance if the anchor
geometry is good. Here, the position dilution of precision is
PDOP =

√
(trace((H⊤H)−1) = 1.61 when the UAS is in

position pn
nb = [1, 1,−10]⊤ for UWB, whilst the PDOP =

10.25 for the BLE-based PARS at the same location. These
numbers are not directly comparable since PARS also uses
bearing measurements, but they are still an indication of the
impact of geometries on the position estimation error. The
strength of PARS is still that one is able to localise with only
one antenna array at one location (if one range is available).
Therefore, the relative performance differences of aiding using
UWB ranging vs PARS will change if the UWB geometry is
worse. E.g., in a docking scenario of a vessel where there are
no UWB anchors located in the sea behind the vessel when it
is approaching the dock.

VI. CONCLUSION

This work demonstrated a fully BLE-based PARS –
BLEDAR-aided inertial navigation system that fuses DF-based
bearing and CS-based range measurements with IMU data in
a tightly coupled approach using a factor-graph framework.
The outdoor flight experiment showed that the system can
bound INS drift in GNSS-denied conditions using only a single
ground-based antenna array. The Geman–McClure robust cost
function significantly improved performance by reducing the
impact of outliers. Barometric aiding further improved the
navigation system performance. Although the system does not
match the accuracy of a multi-anchor UWB multiranging setup
with good geometry, the results highlight the key advantage
of PARS: enabling 3D positioning with minimal infrastruc-
ture. This makes the approach attractive for scenarios where
multiple anchors cannot be deployed.

In the future, we will also relax the assumption that both
initiator and reflector in the CS ranging are stationary using
estimated velocities from the integrated navigation systems.
We will also robustify the co-operability between BLE DF
and CS by looking at randomised channel switching patterns
and channel allocation.
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