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Abstract—For unmanned aerial vehicle (UAV) based smart
inspection in extremely confined environments, it is impossible
for precise UAV positioning with global positioning system (GPS),
owing to the satellite signal block. Therefore, the ultra-wideband
(UWB) based technology has attracted extensive attention under
such circumstances. However, due to the unpredictable propa-
gation condition and the time-varying operational environment,
the localisation performance oscillation caused by the changing
measurement noise may lead to the instability of UAV. To mitigate
the effects, in this paper, a high precision UAV positioning
system which integrates the inertial measurement unit (IMU)
and UWB with the adaptive extended Kalman filter (AEKF) is
proposed. Compared with the traditional EKF based approach,
the estimated and recorded information from previous processes
is exploited to adaptively estimate and further control the
estimation of the noise covariance matrices for performance
improvement. Finally, simulations and experiments have been
conducted in extremely confined environments. According to
the results, the proposed algorithm can significantly improve
the position update rate, the median positioning error, the 95th

percentile positioning error and the average standard deviation
(STD) into 88Hz, 0.102m, 0.192m and 0.052m, which is applicable
for applications in focused environments.

Index Terms—Unmanned aerial vehicle (UAV), adaptive ex-
tended Kalman filter (AEKF), ultra-wideband (UWB), inertial
measurement unit (IMU), sensor fusion, extremely confined
environments.

I. INTRODUCTION

FOR unmanned aerial vehicle (UAV) applications in the
smart inspection area, such as the inspection inside the

industrial boiler, penstocks, tubes, the small oil pressure vessel
or water tank [1], [2], known as extremely confined envi-
ronments [3], [4], how to acquire the precise UAV position
information becomes a much-sought research challenge, due
to the satellite signal block in such environments [5], [6].

The researches and investigations on plenty of existing
localisation technologies have already been conducted, consid-
ering potential applications on UAV positioning. Within these,
the visual odometry (VO) is the extensively utilised method,
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due to the centimetre-level accuracy and low prior information
requirement features [7]. However, the low visibility condition
in such environments will greatly affect the accuracy and
the reliability [8]. Alternatively, the inertial navigation system
(INS) or inertial measurement unit (IMU) based positioning
technology is the other widely used positioning technology.
But, considering the accuracy degradation caused by the error
accumulation, it often serves as part of the sensor fusion
approach for precise UAV positioning. Furthermore, light
detection and ranging (LiDAR) [9] and ultrasonic [10] based
localisation technologies have also attracted lots of attention
in this area, due to the enhanced positioning accuracy. Yet, the
critical issues including the extremely high system cost, weight
and energy consumption for LiDAR, limited localisation cov-
erage and vulnerable to the unpredictable signal occlusion for
ultrasonic will restrict their applications on UAV positioning
[11]. To overcome aforementioned issues, the ultra-wideband
(UWB) based localisation technology becomes an ideal candi-
date, due to the centimetre-level ranging accuracy and reliable
performance in different environments. Meanwhile, owing to
the essential characteristics of the electromagnetic wave, the
low visibility condition, feature-less issue and error accu-
mulation can be ignored with the UWB based localisation
technology [7], [12].

Nevertheless, the restriction still exists for the UWB based
localisation technology which limits its applications on UAV
in such environments. Owing to the inherent properties of the
radio frequency (RF) signal, the additional propagation delay
and changing measurement noise caused by the unpredictable
propagation condition and the time-varying operational envi-
ronment always exist which will lead to the localisation per-
formance oscillation and may result in the instability of UAV.
Under such circumstances, plenty of researches have been
carried out. Among them, the sensor fusion based approach
with the integration of IMU and UWB is known as the one
extensively exploited on UAV positioning, owing to the imple-
mentation simplicity and sufficient accuracy. In [13], an IMU,
UWB and vision-based sensor fusion approach was proposed
for the decimetre-level accuracy localisation of mini-UAV in
the indoor environment. Similarly, Guo et al. [14] developed
a UAV positioning system with the integration of IMU and
UWB through extended Kalman filter (EKF). But differently,
the calibration and outlier detection methods were added to
filter the unreasonable value for the distance information, to
prevent the performance oscillation. Li et al. [15] also focused
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on the same research direction. The EKF based sensor fusion
approach was utilised to reduce the localisation latency and
improve the accuracy for micro aerial vehicles (MAVs). To
improve the performance of the existing approaches, different
researches have been carried out. Feng et al. [16] proposed
an IMU and UWB based Kalman filter approach for the
positioning and navigation of mobile robot. The geometric dis-
tribution of fixed anchor nodes was analysed for performance
improvement, and the additional measured angle information
between anchor node and the tag node on the robot was
exploited to further reduce deployment cost of anchor nodes.
The angular rate was introduced by Strohmeier et al. [17] in
the state prediction process to deal with the potential drift
for the orientation information from IMU. However, instead
of the ranging information, the estimated position information
from UWB was exploited as the observation information for
correction, which means that the performance of this approach
will be greatly influenced by the accuracy and reliability of the
position information from UWB. Similarly, the angular rate
was also considered in the process model by authors in [18].
But differently, the ranging information was directly served
as the observation information for correction. Meanwhile,
the distance calibration and outlier detection methods were
also taken into account to filter the distance measurements
for performance improvement. However, the number of the
reference points will restrict the calibration and the system
performance.

One critical issue still exists which restrict the performance
of the aforementioned approaches is the requirement of the
prior information. The accuracy for the prior information,
including the process and measurement noise covariance
matrices, highly affects the performance of the EKF based
sensor fusion approach [19]. Inappropriate value can cause the
sharp performance degradation, even the filtering divergence
[20]. For the IMU and UWB based UAV positioning, since
the propagation condition and operational environment are
unpredictable and time-varying during the flight of UAV, the
performance oscillation or degradation may appear, with the
constant and inaccurate noise covariance matrices for the tra-
ditional EKF based sensor fusion approaches [21]. To remedy
the existing problem and provide accurate noise covariance
matrices for performance improvement, the adaptive extended
Kalman filter (AEKF) is known as the most effective method
[19], [22].

To solve the above mentioned issue for high performance
UAV positioning, a high precision UAV positioning system is
proposed which leverages the integration of IMU and UWB
based AEKF approach for UAV positioning, focusing on smart
inspection applications in extremely confined environments.
Main contributions of this article are listed as follow:

1) An AEKF based UAV positioning approach is proposed,
focusing on the robust and high precision localisation.
With the adaptively estimated noise covariance matrices
and the additional weighting factors, the proposed ap-
proach can significantly improve the UAV localisation
performance and the stability in extremely confined en-
vironments.

2) An IMU and UWB based UAV positioning system is

designed and developed for the validation and demonstra-
tion of the proposed algorithm. Compared with the con-
ventional maximum likelihood estimation (MLE) based
two-way time of flight (TW-TOF) localisation algorithm
and the state-of-the-art sensor fusion based approaches,
the proposed approach can significantly improve the UAV
localisation performance and the stability in focused
environments.

The rest of the paper is organised as follows. Section II
gives an introduction about the conventional UWB based UAV
positioning approach, including the TW-TOF based ranging
protocol and the MLE based localisation method. Afterwards,
Section III provides a detailed description for the IMU and
UWB based sensor fusion approach, including the coordinate
system transformation, the overview for the traditional EKF
based approach and the description for the proposed algorithm.
To validate the effectiveness, in Section IV, the simulations
and experiments for all the aforementioned algorithms are
carried out and analysed. Finally, the conclusion is drawn in
Section V.

II. UWB BASED UAV POSITIONING

This section mainly describes the localisation scheme for
the conventional localisation approach of the UWB based
localisation system with the TW-TOF ranging scheme on UAV
positioning.

A. TW-TOF based ranging protocol

Considering the existing characteristics of the TW-TOF
based ranging protocol including high accuracy, low com-
putational complexity, implementation simplicity and no re-
quirement for the strict clock synchronisation between sensor
nodes, the localisation approach based on TW-TOF has already
become the most commonly utilised approach for RF based
localisation system, especially for the UWB based system
on UAV positioning [23]–[26]. With the measured time of
departure (TOD) (lU1, lA2) and time of arrival (TOA) (lU2,
lA1), the clock difference between tag and anchor node can
be cancelled directly. No strict clock synchronisation between
these nodes is required. Afterwards, throughout the arithmetic
theory of TW-TOF, the distance between these two sensor
nodes can be expressed as

di = [(lU2 − lU1)− (lA2 − lA1)]c/2, (1)

where, di represents the measured distance between UAV
and anchor node i (i = 1, 2, ..., n), c is the velocity of the
electromagnetic wave.

Here, the MLE based method is adopted to calculate the
position information of UAV with the measured distance [26].

B. Maximum likelihood estimation based localisation ap-
proach

In the actual process, the measurement noise always exists
at each sensor node which can be represented as

dAD(t) = d̃AD(t) + γ(t), (2)



IEEE/ASME TRANSACTIONS ON MECHATRONICS 3

where, d̃AD(t) is supposed as the true value of the distance
between two sensor nodes, the measurement noise of the
measured distance which comes from UWB sensor nodes is
assumed as γ(t). Here the measurement noise is modelled as
the additive white Gaussian noise (AWGN) with zero mean
and Qγ covariance.

Thus, according to the arithmetic theory of the multilatera-
tion, following equations can be derived

d1(t) = ∥p− p1∥+ γ1(t)
d2(t) = ∥p− p2∥+ γ2(t)

...
dn(t) = ∥p− pn∥+ γn(t)

. (3)

Among above equations, p = [x, y, z]T and pi = [xi, yi, zi]
T

are supposed as the position information of the UAV and
anchor node i, respectively. Afterwards, transforming these
equations into matrix form

D = f(p) + Γ, (4)

where, D is assumed as the measured distance matrix from
UWB sensor nodes, f(p) represents the actual distance matrix
and Γ is supposed as the measurement noise matrix which can
be written as follow

D = [d1(t), d2(t), ..., dn(t)]
T , (5)

f(p) = [∥p− p1∥ , ∥p− p2∥ , ..., ∥p− pn∥]T , (6)

Γ = [γ1(t), γ2(t), ..., γn(t)]
T . (7)

Accordingly, the likelihood function can be derived

p(D,p) =
1

(2π)
n
2 det(Qγ)

1
2

· exp[−1

2
(D − f(p))TQ−1

γ (D − f(p))]

. (8)

Finally, the UAV position information can be attained
through the estimation. However, considering the unpre-
dictable propagation condition and the time-varying oper-
ational environment, the measurement noise is varying all
the time which may result in the huge oscillation of the
localisation performance. For traditional applications like the
personal or package tracking, this oscillation can be ignored
directly, owing to the short-term feature. But for applications
on UAV positioning, the situation is changed. Even a short-
term positioning drift can result in the instability of UAV,
especially in focused application scenarios [12]. Consequently,
eliminating and filtering the performance oscillation will be a
special challenge for UAV applications.

III. IMU AND UWB BASED SENSOR FUSION

In order to remedy the aforementioned issue, to achieve
a high precision UAV positioning for the stable control of it
inside the extremely confined space, the IMU and UWB based
sensor fusion method will be introduced in this section.

A. Transformation of the coordinate system

In order to appropriately describe the motion of UAV, a suit-
able coordinate system is required. For traditional applications
of UAV, the global navigation coordinate system is often set to
be north-east-down (NED) coordinate system, then convert the
position information from NED to the body frame of UAV for
position control. However, for our applications, the local navi-
gation coordinate system can be directly determined by UWB
anchor nodes. Therefore, the conversion for the acceleration
from IMU in its coordinate system to the local navigation
frame established by UWB anchor nodes is sufficient.

In the system, the IMU is attached on the UWB tag node
which is determined as the right-handed coordinate system
as shown in Fig. 5. Here, the coordinate system of IMU
is set to be OXIMUYIMUZIMU , and the local navigation
coordinate system is assumed as OXLYLZL. For the purpose
of preventing the gimbal lock problem, the quaternion method
has already become the most widely utilised approach to
represent the orientation and rotation for UAV applications,
compared with Euler angle method. However, in order to make
the transformation process more intuitive, the Euler angle
method is leveraged here to clearly demonstrate the whole
transformation process. Here, the three angles between the
local navigation frame and IMU frame, estimated by the IMU,
including the Roll, Pitch and Yaw is defined as ϕ, θ and ψ.
Thus, the coversion equation from IMU frame to the local
navigation frame can be derived

aL = CY LCPY CIPa
IMU , (9)

where, CIP , CPY and CY L represent the transformation
matrix between the IMU/Pitch frame, the Pitch/Yaw frame and
the Yaw/Local frame,

CIP =

1 0 0
0 cosϕ − sinϕ
0 sinϕ cosϕ

 , (10)

CPY =

 cos θ 0 sin θ
0 1 0

− sin θ 0 cos θ

 , (11)

CY L =

cosψ − sinψ 0
sinψ cosψ 0
0 0 1

 . (12)

aL and aIMU denote the acceleration in local navigation
frame and IMU frame. If the gravitational acceleration g is
not removed in the local navigation frame, then the equation
should be re-derived as

aL = CY LCPY CIPa
IMU +

00
g

 . (13)

B. EKF based sensor fusion approach

According to the kinematic model, the state transition or
prediction equation can be expressed as{

p̂k/k−1 = pk−1 +∆Tvk−1 +
∆T 2

2 aL
k−1

v̂k/k−1 = vk−1 +∆TaL
k−1

. (14)
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Within the equation, the UAV position information p =
[x, y, z]T and the UAV velocity v = [vx, vy, vz]

T in each
direction are the state information to be estimated. ∆T denotes
the time interval between two measurements of IMU and
aL = [aLx , a

L
y , a

L
z ]

T represents the measured and converted
acceleration of UAV in local navigation frame all are the
input variables. Considering the existing bias ba and the
measurement noise ω for the accelerometer from the IMU,
the true value for the acceleration can be represented as

ãL = aL − ba − ω. (15)

Corresponding to the literature in [18], [27], ba is modelled
as Gaussian random walk process with zero mean and Qb

covariance, ω is modelled as AWGN with zero mean and Qω

covariance.
Then, transforming the equation into matrix form yields

ûk/k−1 = F kuk−1 +Bka
L
k−1, (16)

Âk/k−1 = F kAk−1F
T
k +Qk, (17)

where, u = [x, vx, y, vy, z, vz]
T is the state vector,

F k = I3 ⊗
[
1 ∆T
0 1

]
(18)

represents the state transition matrix,

Bk = I3 ⊗
[
∆T 2

2
∆T

]
(19)

is the control matrix, I3 denotes the 3×3 identity matrix, “⊗”
represents the Kronecker product, A represents the covariance
matrix and

Qk = BkQbB
T
k +BkQωB

T
k (20)

is the process noise covariance matrix determined by the bias
and measurement noise from accelerometer.

With the same ranging protocol in Section II-A, the distance
information between UAV and fixed anchor nodes is exploited
to serve as the input measurement for correction process to
eliminate the accumulation error from IMU.

Then the measurement model can be established as

ρk = Hkûk/k−1 + γk, (21)

where, ρk denotes the distance measurements matrix, Hk

represents the observation transition matrix,

Hk =


∂d1,k/k−1

∂x̂k/k−1
0

∂d1,k/k−1

∂ŷk/k−1
0

∂d1,k/k−1

∂ẑk/k−1
0

∂d2,k/k−1

∂x̂k/k−1
0

∂d2,k/k−1

∂ŷk/k−1
0

∂d2,k/k−1

∂ẑk/k−1
0

...
...

...
...

...
...

∂dn,k/k−1

∂x̂k/k−1
0

∂dn,k/k−1

∂ŷk/k−1
0

∂dn,k/k−1

∂ẑk/k−1
0


n×6

,

(22)
calculated by the first order Taylor expansion, the measure-
ment noise γ from UWB sensor nodes is modelled as AWGN
with zero mean and Qγ covariance.

Finally, the Kalman gain can be calculated

KKF = Âk/k−1H
T
k (HkÂk/k−1H

T
k +Rk)

−1, (23)

where, Rk is the measurement noise covariance matrix deter-
mined by the measurement noise from UWB sensor nodes.

C. AEKF based sensor fusion approach

Even the unexpected performance oscillation can be elimi-
nated by the EKF based sensor fusion approach. However, the
unknown and constantly changing process noise covariance
matrix Qk and measurement noise covariance matrix Rk

caused by the unpredictable propagation condition and the
time-varying operational environment still have huge impact
on the localisation performance. Therefore, the AEKF based
sensor fusion approach will be investigated to adaptively
estimate these noise covariance matrices for the stable and
reliable UAV positioning under different circumstances [22],
[28].

1) Estimation of the noise covariance matrices: Accord-
ingly, the difference between the distance measurements and
the predicted information can be calculated through the ob-
servation matrix and the estimated information from the state
prediction process

ρ′
k = ρk −Hkûk/k−1, (24)

where, ρ′
k represents the difference between the observation

measurements and the predicted value. Thus, the innovation
covariance matrix Ĉρ′

k
can be derived

Ĉρ′
k
=

1

M

k∑
i=k−M+1

ρ′
iρ

′
i
T
, (25)

where, M represents the window size or sampling number,
which has the great impact on the estimation accuracy and
stability. If a smaller M is selected, the computational com-
plexity of the algorithm can be reduced, and the estimation
process can be more adaptive to catch up the changes in
the current process. However, the estimation process will
become noisy and may lead to the filtering divergence. On the
contrary, a larger M can improve the stability of the estimation
process, which means a much smoother result. Nevertheless,
the computational complexity will be increased, and the larger
M may cause the adaptation ability lose of the algorithm.
Considering all the existing issues, the M in the simulations
and experiments is set as 10 through trial and error.

Then, the measurement noise covariance matrix Rk can be
obtained

Rk = Ĉρ′
k
−HkÂkH

T
k . (26)

On the other hand, from (15), (16) and (23), the state
prediction noise at k round can be approximated as

Bkbak +Bkωk = ûk − ûk/k−1

= KKF (ρk −Hkûk/k−1).
(27)

Therefore, the process noise covariance matrix Qk can be
derived as

Qk = KKFE[ρ′
kρ

′
k
T
]KT

KF

= KKF Ĉρ′
k
KT

KF

. (28)

With the estimated process noise covariance matrix Qk

and measurement noise covariance matrix Rk, the localisation
performance can be further improved. However, the changing
process and measurement noise caused by the unpredictable
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propagation condition, operational environment and the vary-
ing time interval between two rounds acceleration measure-
ments still may lead to the inaccurate estimation of these two
noise covariance matrices, which will result in the localisation
performance oscillation, even the filtering divergence.

2) Estimation of weighting factors: In order to remedy
the above mentioned issue, two different weighting factors α
and β, and the offline data Roffline and Qoffline will be
introduced [28]. Here, Roffline and Qoffline are calculated
through the captured offline data from sensor nodes (UWB
sensor nodes and IMU) with UAV statically at the original
position before the flight of it.

Firstly, for the estimation of the measurement noise covari-
ance matrix, a weighting factor α is introduced to eliminate
the influence of the varying measurement noise from UWB
sensor nodes.

R′
k = (1− α)Roffline + αRk. (29)

As shown in the above equation, the weighting factor α
is added into the estimation process. R′

k is the estimated
measurement noise covariance matrix limited by the additional
weighting factor. α is set within 0≤ α ≤0.5 to prevent
the filtering divergence caused by the unexpected oscillation
of the current measurements. Clearly, with the increasing
of α, the estimation of R′

k will more rely on the current
measurements, which means the oscillation of R′

k, but the
system can react fast. However, the performance oscillation
may occur and cause the divergence. On the contrary, the
performance oscillation will be eased with a more stable
estimation of R′

k, but the system will take more time to catch
up the changes.

To adaptively estimate the weighting factor α, the current
difference between the observation measurements and the
predicted value ρ′

k, and average difference ρ′initial from the
previous processes will be utilised. Where ρ′initial is calculated
through the recorded estimation results from the state predic-
tion process and the correction process with UAV statically at
fixed points before the flight of it. Throughout these, α can
be adaptively estimated as

αadaptive =
1
n

∑n
i=1[ρ

′
k]i1

ρ′initial
αinitial. (30)

In which, n represents the number of anchor nodes in the
system, and the initial guess αinitial is set to be 0.5. Clearly,
with the augment of ρ′

k, αadaptive will become larger, and the
estimation of R′

k will more rely on the current measurements
to catch up the changes. On the contrary, with smaller differ-
ence, the estimation of R′

k will give more credence on the
previous measurements, which means a more stable value.

On the other hand, to prevent the performance oscillation
and potential filtering divergence, another weighting factor β
is introduced and adaptively estimated through the recorded
average time interval ∆Taverage between two rounds IMU
acceleration measurements with UAV statically at fixed points,
before the operation of the localisation system.

Q′
k = (1− β)Qoffline + βQk, (31)

βadaptive =
∆T

∆Taverage
βinitial. (32)

Similar to α, the weighting factor β is also set within
0≤ β ≤0.5 to prevent the filtering divergence, and the initial
guess βinitial is given as 0.5. Throughout the estimation
process, with a larger ∆T , the estimation of Q′

k will more
rely on the current measurements to catch up the changes.
By contrast, the result can be smoother, but the performance
degradation is inevitable. Moreover, since Rk is calculated
through two positive definite matrices as from (26), which may
lead to a negative estimation and cause the filtering divergence.
Therefore, in the estimation process, if a negative estimation
of Rk is detected, α in this round will be directly set to zero
to prevent the potential filtering divergence.

Finally, with the estimated Q′
k and R′

k, the localisation
result can be further updated.

IV. SIMULATION AND EXPERIMENT

In this section, cases of simulations and experiments have
been carried out to validate the effectiveness of the proposed
algorithm on UAV positioning.

A. Simulation

Considering the safety reason for flying UAV in the ex-
tremely confined environment and to prove the effectiveness of
the proposed algorithm before actual experiments, simulations
have been carried out in Gazebo environment [29]. In the
simulation, the UAV is placed in a confined space (1.95m
× 3.0m × 2.3m) with four anchor nodes mounted on X-Z
plane. This is to simulate the actual application that all anchor
nodes can only be deployed near the entrance of such space,
due to the inaccessible and extremely confined features for
focused environments. The coordinates of each anchor node
and the simulation environment are depicted in Fig. 1. In the
simulation, the UAV is set to fly along a reverse “S” trajectory,
the ground truth for the position information of UAV is directly
obtained from the simulation environment. The simulations for
different algorithms, including the conventional MLE based
TW-TOF, the EKF based sensor fusion algorithm in this paper,
the EKF based approach with the distance filter proposed by
Guo et al. [14], the sensor fusion based approach presented
in [17], the UWB and IMU based localisation approach
designed by Li et al. [18] and the AEKF based algorithm
with different weighting factors have been compared with
the proposed algorithm. In order to exhaustively validate the
effectiveness of the proposed algorithm, two simulations under
different measurement noise of the acceleration and distance
information have been carried out. In the first simulation, the
standard deviation (STD) for the measurement noise of the
simulated acceleration and distance information are assumed
as constant and set to be 0.5m/s2 and 0.1m. In the second
simulation, the STD for these two measurement noises is
randomly set within [0,0.5]m/s2 and [0,0.2]m to simulate the
variation of the operational environment.

As depicted in Fig. 2, the localisation performance for
these algorithms in the first simulation has been demonstrated
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TABLE I
PERFORMANCE ANALYSIS FOR THE SIMULATION RESULTS

Simulation Number Algorithm Median Error Improved 95th Error Improved Average STD Improved

Simulation 1 MLE based TW-TOF 0.148m N/A 0.271m N/A 0.067m N/A
– EKF In This Paper 0.087m 41.2% 0.235m 13.3% 0.069m -3.0%
– [14] 0.085m 42.6% 0.202m 25.5% 0.058m 13.4%
– [17] 0.057m 61.4% 0.157m 42.1% 0.042m 37.3%
– [18] 0.070m 52.7% 0.145m 46.5% 0.036m 46.3%
– AEKF (α = β = 0.3) 0.041m 72.3% 0.133m 50.9% 0.035m 47.8%
– AEKF (α = β = 0.5) 0.048m 67.6% 0.149m 45.0% 0.042m 37.3%
– Our Proposed 0.042m 71.6% 0.117m 56.8% 0.031m 53.7%

Simulation 2 MLE based TW-TOF 0.129m N/A 0.381m N/A 0.116m N/A
– EKF In This Paper 0.077m 40.3% 0.226m 40.7% 0.064m 44.8%
– [14] 0.088m 31.8% 0.258m 32.3% 0.079m 31.9%
– [17] 0.066m 48.8% 0.143m 62.5% 0.042m 63.8%
– [18] 0.082m 36.4% 0.167m 56.2% 0.050m 56.9%
– AEKF (α = β = 0.3) 0.052m 59.7% 0.149m 60.9% 0.042m 63.8%
– AEKF (α = β = 0.5) 0.060m 53.5% 0.141m 63.0% 0.042m 63.8%
– Our Proposed 0.052m 59.7% 0.142m 62.7% 0.041m 64.7%

Fig. 1. Simulation environment.

through different perspectives, including the positioning tra-
jectory, the trajectory in each direction, the positioning root
mean square error (RMSE) in each direction and the empirical
cumulative distribution function (eCDF) for these algorithms.

Firstly, when being focused on the positioning trajectory
results in the first four figures, it can be observed that, the
conventional MLE based TW-TOF algorithm holds the biggest
oscillation in every direction due to the unreasonable value
from the UWB sensor nodes. However, for all other sensor
fusion based approaches, the trajectory results are significantly
smoothed and improved. Meanwhile, in order to quantitatively
assess the localisation performance of each algorithm, the
RMSE for these algorithms in each direction plus with the
eCDF and the detailed localisation error of each are illustrated
in Fig. 2(e-h) and Table I. Specifically, from the RMSE
simulation results, the same conclusion can be made. With
the utilisation of the sensor fusion based approaches, the
absolute accuracy and precision of the system are all improved
significantly. For the approaches with the distance calibration
and outlier detection methods in [14] and [18], when with the
constant measurement noise STD, the performance is greatly
improved with the average STD to be 0.058m and 0.036m.
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Fig. 2. Flight test results in the first simulation. (a) 3D trajectories for
different algorithms. (b) 3D trajectories in X direction. (c) 3D trajectories in
Y direction. (d) 3D trajectories in Z direction. (e) RMSE (m) in X direction.
(f) RMSE (m) in Y direction. (g) RMSE (m) in Z direction. (h) eCDF for
different algorithms.

On the other hand, for the AEKF approaches, compared
with the EKF in this paper and the three algorithms in [14],
[17] and [18], with the estimated noise covariance matrices,
the localisation performance is greatly improved with the
median error, 95th percentile error and average STD around
0.044m, 0.133m and 0.036m, respectively. When doing the
comparison within the AEKF approaches, it can be observed
that, the larger weighting factors lead to the larger performance
oscillation. This is caused by the constant noise model in
the first simulation. As aforementioned in Section III-C2 with
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Fig. 3. Flight test results in the second simulation. (a) 3D trajectories for
different algorithms. (b) 3D trajectories in X direction. (c) 3D trajectories in
Y direction. (d) 3D trajectories in Z direction. (e) RMSE (m) in X direction.
(f) RMSE (m) in Y direction. (g) RMSE (m) in Z direction. (h) eCDF for
different algorithms.

a larger α and β, the estimation of R′
k and Q′

k will more
rely on the current measurements, which means more changes
on the estimation value of R′

k and Q′
k. Therefore, with the

relatively stable measurement noise model, larger weighting
factors will lead to the performance oscillation, which means
the drop-off for the precision of the algorithm. Finally, when
being focused on the proposed AEKF algorithm, obviously,
with the estimated weighting factors, the proposed AEKF
algorithm holds the high performance with 0.042m median
error, 0.117m 95th percentile error and 0.031m average STD
of the localisation error. Compared with the conventional MLE
based TW-TOF algorithm, the performance is improved by
71.6%, 56.8% and 53.7%, respectively.

In order to comprehensively validate the performance of
the proposed algorithm in the simulation environment, in the
second simulation, the STD of these two measurement noises
is randomly set within certain range. This is to simulate the
variation of the operational environment. Same as the first
simulation, the localisation performance for these algorithms
in the second simulation has been demonstrated through
different perspectives in Fig. 3 and summarised in Table I.
Clearly, with the sensor fusion based algorithms, the locali-
sation results are able to be greatly smoothed and improved.
On the other hand, when being focused on the comparison
between the AEKF based approaches and all other sensor
fusion based approaches, a greatly performance improvement
can be observed with AEKF approaches. This is because
that the noise covariance matrices are adjusted manually and
keep constant within the estimation process for all other

TABLE II
THE PROBABILITY FOR FILTERING DIVERGENCE

AEKF Algorithms Simulation 1 Simulation 2

α = β = 0.1 0% 0%
α = β = 0.3 0% 0%
α = β = 0.5 0% 5%
α = β = 0.7 40% 50%
α = β = 0.9 90% 95%

Our Proposed 0% 0%

sensor fusion based approaches, thus, when with the changing
measurement noise model, the localisation performance can
be significantly influenced. Meanwhile, for the two algorithms
with the distance calibration and outlier detection methods in
[14] and [18], the performance oscillation can be observed
with the average STD dropped to 0.079m and 0.050m. This is
also caused by the unsuitable calibration parameter leaded by
the changing measurement noise model. Furthermore, different
from the first simulation, the localisation performance for the
AEKF algorithm with larger weighting factors is improved.
With larger weighting factors, more trust is given to the current
measurement, which means that the offline data has less
influence on the localisation performance, the estimated noise
covariance matrices are much more accurate. Considering the
measurement noise model is keep changing in the current
simulation, the localisation performance can be improved with
more accurate noise covariance matrices, especially for the
95th percentile error. Thus, larger weighting factors are more
suitable for applications in the unstable operational environ-
ment. In additional, compared with all the other algorithms,
the proposed AEKF algorithm still holds the high performance
with 0.052m median error, 0.142m 95th percentile error and
0.041m average STD of the localisation error. It should be
declared that even the proposed algorithm has not held the best
performance within all these three indexes, but it always shows
the capability for high accuracy and precision localisation
under different circumstances of the measurement noise.

Moreover, rule out of the accuracy and precision of the
algorithm, for UAV applications, the stability of the algorithm
also needs to be considered. The filtering divergence for
the proposed algorithm is more likely to happen with the
keep changing noise covariance matrices, which may cause
the position lost of UAV. For the purpose of verifying the
stability of the proposed AEKF algorithm, the additional tests
have been conducted. Two different simulations have been
carried out with the constant and changing measurement noise
model same as the previous simulations. Here the AEKF
algorithms with different weighting factors (0.1, 0.3, 0.5,
0.7 and 0.9) and the proposed AEKF algorithm have been
tested. Each algorithm has been tested 20 times with the
same path in the previous simulations. The probability of
each algorithm for filtering divergence in two simulations are
given in Table II. According to the simulation results, with the
weighting factors become larger, which means more changes
for the noise covariance matrices, the filtering divergence is
more likely to happen, especially with the suddenly changed
acceleration. Besides, the changing measurement noise model
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Fig. 4. System components.

in simulation 2 can also lead to the increasing probability of
filtering divergence. For the proposed algorithm, considering
the larger weighting factors will only be calculated when the
big difference between the observation measurements and the
predicted value, or between the recorded average time interval
and current time interval is detected. And the calculated
weighting factors are all limited within 0.5. Thus, the filtering
divergence for the proposed algorithm can be ignored. This
can also be proved by the simulation results in Table II.

B. Experiment

1) Experiment environment setup: In order to validate the
effectiveness of the proposed algorithm in actual environment,
an IMU and UWB based UAV positioning system is devel-
oped. The system is consist of five main components shown
in Fig. 4, including a commercial micro quadcopter – Parrot
Bebop 2, the UWB localisation system (Pozyx) with four
anchor nodes, one tag node equipped on Bebop 2 and one
listener node, the IMU (BNO-055) attached on UWB tag node,
the ground station (laptop) and the OptiTrack V120:Trio to
serve as the reference system. In the system, UWB sensor
nodes are utilised for distance measurement between the
UAV and fixed anchor nodes. The IMU in the system is
attached on the UWB tag node to provide the acceleration and
orientation information. After the measurement process, the
measured distance, acceleration and orientation information
will be collected and transmitted by the listener node to the
ground station for positioning via USB. Then the position
control command will be generated through the estimated
position information and the objective points. Finally, the
position control command will be transmitted to the Bebop 2
by the ground station through Wi-Fi to achieve the stable flight
of UAV. During the process, the ground truth will be provided
by the OptiTrack V120:Trio through the localisation of the
markers attached on UAV. In the system, in order to keep a
stable millimeter-level positioning accuracy, three markers are
attached on Bebop 2. The position information of UAV from
OptiTrack V120:Trio will be transmitted to the ground station
via Ethernet in real-time for the performance evaluation.

In the experiment, in order to evaluate the performance of
the proposed algorithm in the specified environment compre-
hensively, the experiment is performed within a confined space
(1.95m × 3.0m × 2.3m) in the laboratory to simulate the
extremely confined space as depicted in Fig. 5. Similar to

Fig. 5. Experiment environment.

the simulation, all anchor nodes in the system are deployed
on X-Z plane with the same coordinates to conform the
application scenario where is difficult for human to access and
the anchor nodes could only be deployed near the entrance of
that extremely confined space.

2) UAV Flight Test: Since the propagation condition and
operational environment always have a great impact on the
positioning performance which may cause the unexpected
performance degradation. Two different flight tests have been
performed to get rid of this and comprehensively prove the ef-
fectiveness of the proposed algorithm under different working
conditions. Same as the simulation, in the actual flight tests,
the planned trajectory is also set as a reverse “S”. The STD
for the measurement noise of IMU and UWB sensor nodes
in the conventional MLE based TW-TOF approach and the
sensor fusion based algorithms are assumed as 0.5m/s2 and
0.1m which are estimated through 1000 recorded acceleration
and distance measurements with UAV at the fixed point and
adjusted manually through trial and error.

In the flight test 1, the localisation performance of eight
different types of algorithms same as the simulations have been
demonstrated and listed in Fig. 6 and Table III. Obviously, the
same conclusion compared with the simulation can be made
through the localisation results for the flight test 1, that the
conventional MLE based TW-TOF algorithm holds the biggest
performance oscillation. When being focused on the number
of positioning points, with the conventional MLE based TW-
TOF algorithm, much more time is required for UAV to hit
the target points, which means that this oscillation also results
in the instability of UAV. Thus, the results indicate that the
measurement noise from the UWB sensor nodes has a great
influence on the stability of UAV. However, this oscillation can
be greatly limited through the sensor fusion based approaches.
As listed in Table III, in contrast with the conventional MLE
based TW-TOF algorithm, the performance of other algorithms
is all improved significantly, except the algorithm in [17].
However, there is still a great improvement on the 95th

percentile error and the average STD of the algorithms in [17]
compared with the conventional MLE based TW-TOF.
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TABLE III
PERFORMANCE ANALYSIS FOR THE ACTUAL FLIGHT TEST

Flight Test Number Algorithm Median Error Improved 95th Error Improved Average STD Improved

Flight Test 1 MLE based TW-TOF 0.144m N/A 0.351m N/A 0.098m N/A
– EKF In This Paper 0.116m 19.4% 0.239m 31.9% 0.075m 23.5%
– [14] 0.129m 10.4% 0.237m 32.5% 0.067m 31.6%
– [17] 0.149m -3.5% 0.220m 37.3% 0.053m 45.9%
– [18] 0.117m 18.8% 0.212m 39.6% 0.054m 44.9%
– AEKF (α = β = 0.3) 0.099m 31.3% 0.199m 43.4% 0.048m 51.0%
– AEKF (α = β = 0.5) 0.107m 25.7% 0.198m 43.6% 0.051m 48.0%
– Our Proposed 0.100m 30.6% 0.170m 51.6% 0.051m 48.0%

Flight Test 2 EKF In This Paper 0.133m N/A 0.332m N/A 0.082m N/A
– [14] 0.150m -12.8% 0.309m 6.9% 0.076m 7.3%
– [17] 0.122m 8.3% 0.240m 27.7% 0.054m 34.1%
– [18] 0.148m -11.3% 0.276m 16.9% 0.068m 17.1%
– AEKF (α = β = 0.3) 0.113m 15.0% 0.215m 35.2% 0.050m 39.0%
– AEKF (α = β = 0.5) 0.120m 9.8% 0.227m 31.6% 0.058m 29.3%
– Our Proposed 0.104m 21.8% 0.213m 35.8% 0.053m 35.4%

2
1.5

0

0.5

3

1

1.5

Z
(m

)

2

X(m)

2.5 1

2.5

2

Y(m)

1.5 0.51 0.5 00

Anchor

Planned Trajectory

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(a)

0 500 1000 1500 2000 2500

Number of Positioning Point

0.4

0.6

0.8

1

1.2

1.4

1.6

X
(m

)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(b)

0 500 1000 1500 2000 2500

Number of Positioning Point

0.8

1

1.2

1.4

1.6

1.8

2

2.2

Y
(m

)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(c)

0 500 1000 1500 2000 2500

Number of Positioning Point

0.4

0.6

0.8

1

1.2

1.4

1.6

1.8

2

2.2

2.4

Z
(m

)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(d)

0 500 1000 1500 2000 2500

Number of Positioning Point

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

0.5

R
M

S
E

(m
)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(e)

0 500 1000 1500 2000 2500

Number of Positioning Point

0

0.1

0.2

0.3

0.4

0.5

0.6

R
M

S
E

(m
)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(f)

0 500 1000 1500 2000 2500

Number of Positioning Point

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

0.45

R
M

S
E

(m
)

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(g)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7

RMSE(m)

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

E
m

p
ir
ic

a
l 
C

D
F

MLE based TW-TOF

EKF In This Paper

[14]

[17]

[18]

AEKF  =  = 0.3

AEKF  =  = 0.5

Our Proposed

(h)
Fig. 6. Flight test results of test 1. (a) 3D trajectories for different algorithms.
(b) 3D trajectories in X direction. (c) 3D trajectories in Y direction. (d) 3D
trajectories in Z direction. (e) RMSE (m) in X direction. (f) RMSE (m) in Y
direction. (g) RMSE (m) of in Z direction. (h) eCDF for different algorithms.

When being focused on the sensor fusion based approaches,
the EKF algorithm in this paper and the algorithms in [14],
[17] and [18] all exploited the manually adjusted and constant
noise covariance matrices for positioning. For the EKF algo-
rithm in this paper, it can be observed that a high performance
median error (0.116m) can be attained, nevertheless, the 95th

percentile error and average STD of the localisation error still
keep in high level when compared with the AEKF algorithms.
Even the average STD is improved by the additional distance
calibration and outlier detection methods in [14] and the 95th

percentile error is enhanced by the additional angular rate in
[17] and [18], however, a big gap still exists in contrast to
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Fig. 7. Flight test results of test 2. (a) 3D trajectories for different algorithms.
(b) 3D trajectories in X direction. (c) 3D trajectories in Y direction. (d) 3D
trajectories in Z direction. (e) RMSE (m) in X direction. (f) RMSE (m) in Y
direction. (g) RMSE (m) in Z direction. (h) eCDF for different algorithms.

the AEKF algorithms, due to the changing environment. For
the AEKF algorithms, with the estimated noise covariance
matrices R′

k and Q′
k, the median error, 95th percentile error

and the average STD are all significantly improved with
these around 0.102m, 0.189m and 0.05m, respectively. The
AEKF algorithm with smaller weighting factors (0.3) holds
the best performance on median error and average STD. But
there is just a subtle difference for these compared with the
proposed algorithm, and the proposed algorithm obtained the
best performance on the 95th percentile error (0.170m).

As aforementioned, in order to eliminate the unexpected
performance degradation and simulate the variation of the
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operational environment, another flight test has been con-
ducted. In this flight test, obstacle is utilised to occlude one
of the anchor nodes for a short time period during the flight
to simulate the noise changing environment. Considering it
is sufficient to prove the effectiveness of the sensor fusion
based approaches in contrast with the conventional MLE based
TW-TOF on UAV positioning, through the simulations and
experiment results from the flight test 1. And to provide
much more detailed information. In the flight test 2, only the
experiments for the sensor fusion based approaches have been
conducted and the results have been provided in Fig. 7 and
Table III.

In the flight test 2, the degrading performance can be ob-
served for almost all the algorithms due to the occluded anchor
node during the flight test. Especially for the algorithms in [14]
and [18], a great performance drop-off can be discovered. This
is caused by the unsuitable calibration parameter leaded by
the changing measurement noise. For the AEKF algorithms,
obviously, in this flight test, the proposed algorithm holds the
best performance on the median error (0.104m) and the 95th

percentile error (0.213m). Owing to the changing measurement
noise, there is a performance degradation for the AEKF
algorithm with the smaller weighting factors (0.3). When with
smaller weighting factors, more trust will be given to the
Roffline and Qoffline which means more stable performance.
However, the system needs more time to catch up the changes,
which may result in the accuracy degradation. This can also be
proved by the localisation results in the flight test 2, that the
median error (0.113m) and the 95th percentile error (0.215m)
of the AEKF algorithm with smaller weighting factors (0.3) is
worse than the proposed algorithm, but it still holds the best
average STD (0.050m).

When combining the experiment results from all the flight
tests, the following conclusion can be made that compared
with the conventional MLE based TW-TOF algorithm, the
EKF algorithm in this paper and the algorithms in [14],
[17] and [18], the better performance can be attained by
the AEKF algorithms under different conditions. For the
comparison within the AEKF algorithms, even the localisation
performance for the AEKF based algorithm with constant
weighting factors may be better than the proposed algorithm
under certain conditions. However, the proposed algorithm
always shows much more robust performance, the accuracy
and precision always keep in high level with the median error
around 0.102m, the 95th percentile error around 0.192m and
the average STD around 0.052m. Furthermore, apart from
the localisation accuracy and precision, the position update
rate also has great influence on the stability of UAV in such
environments due to the speed of it. Considering the limitation
for the TW-TOF ranging protocol and the propagation speed
of the electromagnetic wave, the position update rate for the
conventional MLE based TW-TOF algorithm is restrained
within 25Hz. This is significantly improved by the sensor
fusion approaches which increased the update rate into 88Hz.
This high position update rate will absolutely improve the
stability of UAV in such environment. In conclusion, it can
be proved that the proposed algorithm is capable for UAV
applications in focused scenarios.

V. CONCLUSION

In this article, an AEKF based sensor fusion approach which
integrates IMU and UWB focusing on the high precision UAV
positioning in extremely confined environments was proposed.
Firstly, the overview for the conventional UWB based UAV
positioning based approach was presented. Afterwards, the
EKF based sensor fusion approach was introduced to remedy
the existing issues. However, considering the unknown process
and measurement noise covariance matrices, the performance
oscillation still exists, and the precision and accuracy are insuf-
ficient for the stable flight of UAV in extreme cases. Therefore,
the AEKF based sensor fusion approach was studied and
proposed. With the measurements from previous processes,
the process and measurement noise covariance matrices can
be adaptively estimated to relieve the performance oscillation.
During the estimation process, two weighting factors α and β
were introduced and adaptively estimated through the recorded
information to further limit the estimation of these matrices
for performance improvement. Finally, simulations and exper-
iments have been carried out to comprehensively evaluate the
performance. From results, it is clear that, in contrast with
the conventional MLE based TW-TOF localisation algorithm,
the EKF based approach in this paper, the algorithms in [14],
[17] and [18], and the AEKF based approach with constant
weighting factors, the proposed algorithm can always show
better and robust performance with the median positioning
error around 0.102m, 95th percentile positioning error around
0.192m and average STD around 0.052m. The position update
rate is also increased to 88Hz which can absolutely improve
the stability of the UAV in the focused environment. Accord-
ingly, the proposed algorithm and system are suitable for UAV
applications in focused scenarios.
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