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Abstract— In this paper, a high-precision ultra-wideband (UWB)
based unmanned aerial vehicle (UAV) localisation approach is pro-
posed for applications in extremely confined environments. It is
motivated by the emerging demand on autonomous inspection
in such environments that are hard or impossible for humans to
access. Instead of the traditional localisation techniques such as
global positioning system (GPS), vision based or other localisation
techniques, the UWB based localisation technique is adopted for
precise UAV positioning due to its high accuracy, implementation
simplicity and suitability in such environments. To avoid the re-
quirement on strict synchronisation between sensor nodes and pro-
vide decimetre-level accuracy, the proposed algorithm combined
the two-way time-of-flight (TW-TOF) localisation scheme with the
maximum likelihood estimation (MLE) method. This differs from
applications in other environments, the number and deployment
area of anchor nodes are highly restricted in such environments.
Therefore, an in-depth investigation for the anchor deployment
strategies is presented to find the most suitable geometry configurations with accurate and robust performance. Finally,
extensive simulations, static experiments and flight tests have been conducted to validate the localisation performance
under different deployment strategies. The experiments show that average localisation error and standard deviation (STD)
under 0.2 m and 0.07 m are obtainable by using our proposed approach under three different geometry configurations of
anchor nodes. This is suitable for different applications in extremely confined environments.

Index Terms— 3D Localisation, Ultra-wideband (UWB), Unmanned Aerial Vehicle (UAV), Extremely Confined Environments,
Anchor Deployment Strategy

I. INTRODUCTION

ALONG with increasing demands on industrial applica-
tions, leveraging unmanned aerial vehicles (UAVs) for

the autonomous inspection in extremely confined environ-
ments such as the small storage tank or pressure vessel where
it is normally unsafe and hard for humans to access becomes
a new research direction [1], [2]. The commercial off-the-
shelf (COTS) product named Elios 2 [3] has already been
released by Flyability and widely utilised on smart inspection
in confined environments. Due to the satellite signal block,
global positioning system (GPS) will lose its effectiveness in
such environments. To overcome this, instead of the precise
UAV positioning, a protective frame was mounted on Elios 2
for collision avoidance. However, without the precise position
information, the flight of UAV can only rely on the manual
control of the well-trained professionals. Besides, the high
system cost (approximately £27,000) and instability of UAV
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in such environments may extremely limit the application
scenarios of the system. Consequently, precise, accurate and
low-cost UAV positioning is still required in this area and will
be the one key requirement for current applications.

Currently, numerous indoor localisation techniques have
been investigated on UAV positioning in extremely confined
environments. Among them, vision [4]– [6] and light detection
and ranging (LiDAR) [7]– [12] based localisation techniques
are known as the much-sought techniques in this area, owing
to the enhanced localisation performance. For vision based
techniques, Krul et al. [5] proposed a visual simultaneous
localisation and mapping (VSLAM) based system which
achieved precise positioning of the DJI Tello for indoor
livestock and farming. However, the communication delay
and low-visibility condition will all have the huge impact on
the localisation performance. To overcome the performance
degradation in the low-visibility condition, another UAV lo-
calisation system was designed in [6], which achieved high
accuracy UAV positioning in dark and confined environment
by leveraging the visual inertial odometry and the detection of
existing known structural 3D landmarks. However, the prior
information about 3D structural landmarks may restrict appli-
cations in unknown or difficult access environments. Different
from vision based localisation techniques, the low-visibility
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impact can be ignored with LiDAR based approaches. A
UAV navigation system was proposed by Wang et al. [7]
which achieved robust and precise 3D UAV positioning with
two additional laser scanners in the confined environment.
However, the system still requires the prior information about
the working environment and coordinates of its key corner
features. Similarly, authors in [8] also designed a laser scanner
based UAV positioning and navigation system focused on the
smart inspection in a dark power plant boiler. Yet, the increas-
ing energy consumption leads by the additional laser scanner
may reduce the UAV operation time. Furthermore, authors in
[9]– [12] all utilised LiDAR based localisation techniques as
the main components to achieve precise UAV positioning in
confined environments for smart inspection, classification and
disaster management. Nevertheless, the weight, high energy
consumption and cost for the LiDAR based system turn into
an inevitable problem when designing the UAV system. This
runs counter to applications on mini-UAVs or micro aerial
vehicles (MAVs) in extremely confined environments, such as
the small storage tank or pressure vessel. In order to tackle
the aforementioned issues to achieve low energy consumption,
low-cost and precise UAV positioning in extremely confined
environments, the ultra-wideband (UWB) based localisation
technique is introduced.

As depicted in Fig.1, the structure of the UWB based
localisation approach is given. Leveraging the communication
between low-cost sensor nodes, precise UAV positioning can
be achieved. Low-visibility condition can be ignored due
to the inherent nature of the radio frequency (RF) signal.
Each sensor node is able to power itself with its on-board
battery which has no impact on the operation time of UAV.
In addition, with ultra-bandwidth, the system is more robust
to the multipath effects and high temporal resolution can be
achieved [13]. This makes it possible for precise and robust
localisation with time-based localisation schemes in extremely
confined environments. Time-of-arrival (TOA), time-of-flight
(TOF) and time-difference-of-arrival (TDOA) are the typical
representatives of time-based localisation schemes. For TOA
and TOF based localisation schemes, the timestamps recorded
by UWB sensor nodes from the transmitter and receiver are
all required to find the intersection between a set of spheres
for localisation. Therefore, the strict clock synchronisation
between every sensor node is needed [14], [15]. For TDOA,
only the timestamps from receivers are sufficient for posi-
tioning, but the clock synchronisation between anchor nodes
(auxiliary nodes with known position) is still required [16]–
[18]. To avoid the requirement of clock synchronisation, a
two-way time-of-flight (TW-TOF) localisation scheme has
been proposed, where the clock difference can be subtracted
theoretically with TOA and time-of-departure (TOD) from
both sides. As a result, plenty of research focused on UWB
based UAV positioning in indoor or confined environments
with TW-TOF localisation scheme has been carried out in the
past few years [19]– [24].

Benini et al. [19] proposed a sensor fusion approach which
achieved accurate localisation of mini-UAV in indoor environ-
ments with the combination of UWB, inertial measurement
unit (IMU) and vision based technique. In [20], a UWB based

Fig. 1. Localisation structure of the UWB based UAV localisation
approach.

UAV localisation solution was proposed which exploited TW-
TOF with extended Kalman filter (EKF) successfully obtained
decimetre-level accuracy for UAV in indoor environment.
Similarly, high accuracy localisation of UAV was achieved
with TW-TOF through the fusion of UWB and IMU in [21]–
[23]. However, applications in [20]– [22] were all focused
on the relatively large and open environment, and the anchor
layout in [19] and [23] was not addressed. Most relevantly,
authors in [24] proposed a UWB based localisation approach
for UAV which considered the geometry configurations of
anchor nodes. Whereas, only a few analysis and evaluation at
fixed points were given. The impact of different anchor layouts
on UAV positioning was not taken into account. Apart from
applications on UAV in confined environments, authors in [25]
designed a sensor fusion system integrated IMU and UWB for
precise positioning of coal mine robots in underground coal
mine, which is also relevant to our work. UWB sensor nodes in
the system were utilised to provide the observation information
(distance information) for position update. The anchor de-
ployment strategy was analysed for the precise determination
of the covariance. However, the in-depth discussion on the
performance variation with different geometry configurations
of anchor nodes was never taken into account. Different from
the aforementioned researches, considering our applications in
extremely confined environments, it is hard or impossible to
deploy plenty of anchor nodes to cover the whole position-
ing area. Therefore, with the limited number and restricted
deployment area, the geometry configuration of anchor nodes
needs to be addressed for precise UAV positioning.

Towards this end, a high-precision UWB based UAV lo-
calisation approach is proposed in this paper, focusing on
applications in extremely confined environments. To avoid the
requirement of strict synchronisation between sensor nodes
and provide high accuracy localisation performance, the TW-
TOF based localisation scheme with the maximum likelihood
estimation (MLE) method is utilised. Considering the limited
number and restricted deployment area of anchor nodes,
geometric dilution of precision (GDOP) [26], [27] and root
mean square error (RMSE) of the algorithm under different
geometry configurations of anchor nodes are investigated to
find out the most suitable layout for precise UAV positioning.
Finally, the simulations for the algorithm and experiments
with a commercial low-cost mini quadcopter - DJI Tello
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Fig. 2. TW-TOF based localisation scheme.

EDU have been conducted to verify the effectiveness of the
algorithm in extremely confined environments and analyse
the localisation performance under different anchor layouts.
However, even with the existing characteristics of UWB based
localisation techniques, the high-precision UAV positioning
in extremely confined environments can be achieved, it still
needs to note that, considering the inherent nature of the
RF signal, the metallic environment will have huge impact
on the communication between UWB sensor nodes, which
may result in the localisation performance degradation or
oscillation. Therefore, only the applications in non-metallic
environments such as the storage tank or pressure vessel
made of concrete, glass-reinforced plastic, thermoplastic or
polyethylene are considered in this paper.

The rest of the paper is organised as follows. The overall
architecture and details for the UWB based UAV positioning
algorithm is described in Section II. Section III analyses the
anchor deployment strategies with four different geometry
configurations. The experiments part including the experiment
setup and localisation performance evaluation is given in
Section IV. Finally, the conclusion is drawn in Section V.

II. UWB BASED UAV POSITIONING

A. Positioning Scheme

In order to avoid the requirement of strict clock synchro-
nisation between sensor nodes, and provide high accuracy
performance, the TW-TOF based localisation scheme with
UWB based localisation technique is exploited. It is clear
from Fig.2, during the localisation process, the position request
packet will be transmitted by the tag node equipped on UAV
at time lDu. Anchor node i (i = 1, 2, ..., n) involved in this
round will receive the request and record the timestamp as lAi

after a transmission delay. After a response delay caused by
the data processing, anchor node i will respond to the request
by transmitting back a response packet with the time departure
stamp lDi. Finally, the tag node will receive the response
packet and record the TOA as lAu after a same transmission
delay.

Assume that TOA and TOD for the communication signal
between two sensor nodes be written as

lA = l̃A + e, (1)

lD = l̃D + e, (2)

where, e is supposed to be the measurement noise of the UWB
sensor node modelled as the additive white gaussian noise
(AWGN) with zero mean and σ2

e variance [28], l̃A and l̃D
represent the true value of TOA and TOD between tag node
(equipped on UAV) and anchor node. Thus, according to the
arithmetic theory of TW-TOF, the transmission delay between
tag node and anchor node can be expressed as

di = ϕic = [(lAu − lDu)− (lDi − lAi)]c/2. (3)

In the equation, di and ϕi are defined as the measured distance
and signal transmission delay between anchor node i and UAV.
c is the velocity of electromagnetic wave. The equation can
be further updated with the measurement noise e from UWB
sensor nodes,

di = [(l̃Au − l̃Du)− (l̃Di − l̃Ai)]c/2 + ωi. (4)

Within the equation, ωi is the distance measurement noise
bewteen UAV and anchor node i which can be expressed as

ωi = [(eDu − eDi) + (eAi − eAu)]c/2. (5)

Accordingly, the true value for the distance between UAV
and anchor node i is able to be calculated by the coordinates
of these sensor nodes. Therefore, the following equation can
be derived 

d1 = ‖u− u1‖+ ω1

d2 = ‖u− u2‖+ ω2

...
dn = ‖u− un‖+ ωn

, (6)

where, u = [x, y, z]T and ui = [xi, yi, zi]
T represent the

position matrix of UAV and anchor node i. Then, by extending
the equation into matrix form, we have

D = f(u) + Ω. (7)

Among the above equation, D, f(u) and Ω represent the
measured distance information matrix, real distance informa-
tion matrix and measurement noise matrix which are known
as

D = [d1, d2, ..., dn]T , (8)

f(u) = [d̃1, d̃2, ..., d̃n]T , (9)

Ω = [ω1, ω2, ..., ωn]T = (C0E + C1E)c/2, (10)

where, d̃i = ‖u− ui‖ is the real distance between UAV
and anchor node i, E = [eu, e1, e2, ..., en]T is defined as
the measurement noise matrix, C0 and C1 are the coefficient
matrix which can be written as

C0 =


−1 1 0 · · · 0
−1 0 1 · · · 0

...
...

...
. . .

...
−1 0 0 · · · 1


N×(N+1)

, (11)

C1 =


1 −1 0 · · · 0
1 0 −1 · · · 0
...

...
...

. . .
...

1 0 0 · · · −1


N×(N+1)

. (12)
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Thus, the covariance matrix of Ω can be calculated as follows

QΩ = c(C0QECT
0 + C1QECT

1 ), (13)

where, QE is the covariance matrix of measurement noise
matrix E.

Finally, the likelihood function can be derived from the
above-mentioned equations

p(D,u) =
1

(2π)
N
2 det(QΩ)

1
2

· exp[−1

2
(D − f(u))TQ−1

Ω (D − f(u))]

. (14)

B. Maximum Likelihood Estimation
Considering the existing characteristics, including the im-

plementation simplicity, asymptotically unbiased and more
efficiency [29], [30], the MLE approach is selected to estimate
the position information of UAV. Through (14), the MLE of
u can be obtained

û = argmin[(D − f(u))TQ−1
Ω (D − f(u))]. (15)

However, due to the nonlinearity of the real distance matrix
f(u), a closed-form solution for (15) does not exist. Therefore,
a numerical minimisation method [29]– [33] will be introduced
to approach the real solution.

Firstly, the estimation of u and the iteration factor at jth
iteration is defined as û(j) and ∆(j). It can be seen that

u = û(j) + ∆(j). (16)

Thus, f(u) can be linearised around û(j), yielding

f(u) = f(û(j)) +G(û(j))∆(j), (17)

where, G(û(j)) is the Jacobian matrix

G(u) =
∂f(u)

∂u
. (18)

From (9), the partial derivative of f(u) with respect to u can
be derived

∂fi(u)

∂u
=
∂d̃i
∂u

=
(u− ui)

‖u− ui‖
. (19)

Substituting (19) into (18), the Jacobian matrix can be written
as

G(u) = [
(u− u1)

‖u− u1‖
,

(u− u2)

‖u− u2‖
, ...,

(u− un)

‖u− un‖
]T . (20)

Combining (15) and (17), the estimation of the iteration factor
can be calculated

∆̂(j) =[GT (û(j))Q−1
Ω G(û(j))]−1

·GT (û(j))Q−1
Ω (D − f(û(j))).

(21)

Finally, the estimate coordinate matrix of UAV at (j + 1)th
iteration will be

û(j + 1) = û(j) + ∆̂(j). (22)

With the numerical minimisation method, the position
information of UAV can be estimated. However, two ad-
ditional problems, including the local minimum and the
non-convergence problems which lead by the estimation

method cannot be ignored. Clearly from (21), with a small
GT (û(j))Q−1

Ω G(û(j)), a large oscillation for the iteration
factor may occur. This may cause the estimation stopped at a
local minimum or even the non-convergence for the estimator
[29]– [32]. To prevent the aforementioned issue, an appropriate
initial guess close to the true value is required. Therefore,
considering the UAV is moving continuously, the previous
estimation of the UAV position information will be served
as the initial guess to avoid the iteration stopped at a local
minimum, the non-convergence of the estimator and to reduce
the iterations.

III. ANCHOR DEPLOYMENT STRATEGY

Clearly from the positioning scheme and localisation equa-
tion shown in Fig.2 and (6), the number of anchor nodes in the
system and their locations will have tremendous impact on the
localisation performance. In addition, considering applications
in extremely confined environments, such as a small storage
tank or pressure vessel, which is hard to access, the anchor
nodes can only be deployed near the entrance of the area
inside that space. To be specific, the quantity and deployment
area of anchor nodes are always limited in such environments.
Consequently, the deployment strategies or layouts of the
anchor nodes become particularly important to the localisa-
tion performance. Towards this end, the analysis on anchor
deployment strategies to achieve high-precision localisation of
UAV in extremely confined environments is carried out in this
section.

In order to quantitatively analyse the localisation perfor-
mance under different geometry configurations of anchor
nodes, GDOP is introduced. GDOP is a significant metric to
evaluate the precision of model parameters before positioning
estimation [34]. It reflects the geometry configuration quality
of anchor nodes. Here, suppose the covariance matrix of the
unbiased estimation û to be Cov(û). Then GDOP can be
defined as

GDOP =

√
tr(Cov(û))

cσe
, (23)

where, tr(.) denotes matrix trace. The trace of the covariance
matrix is related to the Cramér–Rao lower bound (CRLB) of
the localisation algorithm.

According to the definition of CRLB, it is the inverse of the
Fisher information matrix (FIM) [35]. Under Gaussian noise,
FIM can be calculated through

J(u) = GT (u)Q−1
Ω G(u). (24)

Thus, CRLB of the localisation algorithm can be represented
as

σ̄2
u =

3∑
n=1

[J−1(u)]nn, (25)

where, [J−1(u)]nn denotes as the nth diagonal element of
J−1(u).

Substituting (25) into (23), GDOP of the localisation algo-
rithm can be computed by

GDOP =
σ̄u
cσe

. (26)
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Fig. 3. Geometry configurations of anchor nodes.

To analyse the localisation performance under different
anchor deployment strategies, four different types of geometry
configurations for anchor nodes shown in Fig.3 are considered.
The coordinates of each anchor node under different geometry
configurations are listed in Table I, and the entrance of this
confined space is supposed at the central area of X-Z plane.
The localisation area is set within a narrow space (1.2 m ×
3.2 m × 2.6 m) which is the same as the actual experiment
area in this paper, where X-axis is set as the width direction,
Y-axis is parallel to the depth direction, while Z-axis denotes
the altitude. Only four anchor nodes are considered in the
simulation due to the difficulty for anchor deployment in the
confined space. Moreover, considering the anchor nodes can
only be deployed near the entrance of the confined space, the
simulation will pay more attention to the performance change
with the Y coordinate variation. Different Y coordinates of the
target are taken into account for performance evaluation. In the
simulation, the standard deviation (STD) of the measurement
noise is set to be 0.1 ns.

As shown in Fig.4, Fig.5, Fig.6 and Fig.7, GDOP of the
algorithm under four different geometry configurations of
anchor nodes with UAV at different position are simulated.
From all the simulation results under different geometry
configurations, it can be observed that with the increasing of
the Y coordinate, the value of GDOP go up, which means a
drop-off for the localisation accuracy. The performance drop-
off is associated with the measurement noise of sensor nodes
and the distribution of anchor nodes on the Y-axis. With
the increasing distance between anchor nodes and UAV, the
measurement noise will have greater impact on localisation
accuracy. The accuracy descending rate is different for each
geometry configuration. Configuration A holds the biggest
accuracy descending rate compared with B and C with all
the anchor nodes being deployed on the X-Z plane. From (20)
and (24), FIM can be reshaped as

FIM =
1

c2σ2
Ω

N∑
i=1

(u− ui)

‖u− ui‖
(u− ui)

‖u− ui‖

T

. (27)

Considering the anchor nodes are all deployed on the X-Z

Fig. 4. GDOP under configuration A of anchor nodes.

Fig. 5. GDOP under configuration B of anchor nodes.

plane, when UAV is on the same plane, FIM will be singular.
This means no unbiased estimator for u exists with a finite
variance [27] and the algorithm will lose its effectiveness.
Moreover, it appears that GDOP becomes larger with UAV
close to the X-Z plane, especially for the centre of the plane
under configuration A. For configuration B, where anchor 3
and anchor 4 are deployed a little deeper in the area with the
same Y coordinate, the accuracy descending rate successfully
decreased as shown in Fig.5. GDOP becomes larger when
UAV is approaching the plane composed of four anchor nodes.
Clearly, within the composed plane, Y coordinate of UAV is
able to be expressed linearly by X and Z coordinates. Thus, the
inverse matrix of FIM does not exist, which will result in the
lose effectiveness of the algorithm. Similar to configuration B,
anchor 3 and anchor 4 are also deployed a little deeper in the
area, but with the different Y coordinate for configuration C.
As apparent from Fig.6, the accuracy is further improved with
the increasing of the Y coordinate in contrast to configuration
B. Whereas, the precision degradation still exists when UAV
is close to the planes composed of any three anchor nodes.
Completely different from all the aforementioned deployment
strategies, two anchor nodes are deployed on the top and
bottom of the confined space for configuration D which is
analysed in Fig.7. Localisation performance becomes worse
with the increasing of the Z coordinate under different Y
coordinates, associated with the small distribution of anchor
nodes on Z-direction.

To further evaluate the localisation performance under dif-
ferent deployment strategies, RMSE of the algorithm under
these four geometry configurations are given in Fig.8, Fig.9,
Fig.10 and Fig.11. Clearly, RMSE becomes larger with the
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TABLE I
COORDINATES OF ANCHOR NODES UNDER DIFFERENT GEOMETRY CONFIGURATIONS

Geometry Configuration Anchor 1 Anchor 2 Anchor 3 Anchor 4
Configuration A (0,0,0) m (1.19,0,0) m (0,0,2.03) m (1.19,0,2.03) m
Configuration B (0,0,0) m (1.19,0,0) m (0,0.42,1.96) m (1.19,0.42,1.88) m
Configuration C (0,0,0) m (1.19,0,0) m (0,0.715,1.88) m (1.19,0.78,1.88) m
Configuration D (0,0,0.13) m (1.19,0,0.13) m (0.595,0.4,0) m (0.595,0.4,2.56) m

Fig. 6. GDOP under configuration C of anchor nodes.

Fig. 7. GDOP under configuration D of anchor nodes.

increasing of the Y coordinate, and configuration A holds
the biggest descending rate of localisation accuracy compared
with B and C. For configuration A, the same result can be
obtained that when UAV is close to the X-Z plane, especially
the centre of the plane, there will be a sharp drop-off for the
accuracy. When UAV flies away from the plane, the influence
will be eased. On the other hand, considering the RMSE
distribution under configuration B and C. It appears that with
UAV flying within the area composed of these four anchor
nodes, there will be performance oscillation which has the
same conclusion in contrast to the analysis on GDOP. The
localisation performance is better than configuration A when
out of the area constituted by these anchor nodes. Finally, from
Fig.11, it is clear to find that, even an accurate result can be
obtained with a small Z coordinate for configuration D, the
overall accuracy is kept at a low level in contrast to the other
three geometry configurations.

IV. EXPERIMENTS

A. Experiment Setup

To evaluate the localisation performance under these four
geometry configurations of anchor nodes in actual environ-

Fig. 8. RMSE under configuration A of anchor nodes.

Fig. 9. RMSE under configuration B of anchor nodes.

Fig. 10. RMSE under configuration C of anchor nodes.

ment, experiments are performed with a hybrid UAV localisa-
tion system consisting of UWB based sensor nodes designed
by Pozyx and a commercial low-cost mini quadcopter - DJI
Tello EDU. For the UWB based sensor nodes, considering the
stability and accuracy of the localisation performance, channel
2 is selected which is defined by the IEEE 802.15.4 standard
[36]. The centre frequency is 3993.6 MHz and the bandwidth
is 499.2 MHz. The localisation area is set within a narrow
space (1.2 m × 3.2 m × 2.6 m) in lab environment with
four anchor nodes existing as depicted in Fig.12. The UAV
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Fig. 11. RMSE under configuration D of anchor nodes.

Fig. 12. Lab experiment environment and UAV.

Fig. 13. System operation process.

localisation system has three main modules: UWB based local-
isation module, ground station (localisation server) and UAV.
The system structure and diagrams of each module are given
in Fig.1 and Fig.13. During the localisation process, a position
request will be sent out from the tag node equipped on UAV.
Afterwards, the recorded information from the communication
between sensor nodes will be transmitted to the ground station
(localisation server) for position estimation. The localisation
server and ground station is a laptop where the localisation
algorithm and position controller are implemented. With the
estimated position information, the response command will be
given by the controller and encapsulated as a ROS package.
Finally, the package will be transmitted to UAV for position
update.

Fig. 14. RMSE under different geometry configurations of anchor
nodes.

B. Localisation Performance Evaluation

In order to validate the localisation performance comprehen-
sively, the experiments are divided into two parts, the static
experiments and flight tests. Firstly, the performance testing
was done at some representative points statically without UAV
flying under different anchor deployment strategies. These ex-
periments pay more attention to analyse the impact of different
anchor deployment strategies on localisation performance in
actual environments. The true location of each test point was
measured manually. For each test point, 100 measurements
were repeated to eliminate the influence of unreasonable values
on positioning. The RMSE and STD of the 100 RMSE for
each test point under four geometry configurations of anchor
nodes are presented in Fig.14 and Fig.15. Where X(m), Y(m)
and Z(m) represent the coordinate of the test points, the colour
bar is denoted as the distribution of average RMSE and the
STD of RMSE. Moreover, the cumulative distribution function
(CDF) of the localisation error at four representative test points
under different geometry configurations are shown in Fig.16.
The median and 95th percentile localisation errors are given
in Table II.

From the results, it can be found out that, high-accuracy re-
sult with an average RMSE under 0.15 m can be obtained with
Y coordinate of the target within 0.5 m - 2 m for configuration
A. The average STD of RMSE keeps below 0.07 m which
also means a high-precision performance. However, with the
Y coordinate larger than 2m, average RMSE is increased to
0.26 m which is significantly inferior to configuration B and
C. For configuration B and C, with the same Y coordinate, the
accuracy is improved with the average RMSE less than 0.23 m
and 0.21 m. Whereas, it appears that when the target is near
the plane consisting of anchor nodes, the violent oscillation
can be observed in Fig.14 and Fig.15 with the average RMSE
and STD larger than 0.35 m. But the average RMSE and STD
are still kept below 0.2 m and 0.07 m for most test points
with configuration B and C. Particularly, the STD of RMSE
for configuration C is even lower than 0.04 m excluding the
test points aforementioned. Moreover, it is clear to find out that
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Fig. 15. STD of RMSE under different geometry configurations of
anchor nodes.

Fig. 16. CDF for representative test points under different ge-
ometry configurations of anchor nodes. Coordinate of test point 1:
[0.59,0.550,0.99] m, test point 2: [0.59,1.050,0.99] m, test point 3:
[0.59,2.050,0.99] m and test point 4: [0.59,2.550,0.99] m.

configuration D holds the worst performance with the average
RMSE larger than 0.3 m.

On the other hand, from Table II and Fig.16, it appears that
for test point 1 and 2 with a smaller Y coordinate (0.550 m and
1.050 m), configuration A holds the great performance with
median error less than 0.19 m. However, with the increased Y
coordinate for test point 3 (2.050 m) and test point 4 (2.550
m), the median error and 95th percentile error are all increased.
Another key observation is that for test point 3 and test point 4,
configuration B and C can achieve higher accuracy. Especially
for configuration C at test point 4, the localisation error is
significantly decreased with a 0.07 m median error and 0.15 m
95th percentile error. Nevertheless, the performance oscillation
can be observed for these two geometry configurations with
the target near the entrance of the confined environment at test
point 1. Interestingly, for test point 1, configuration D holds
the best performance with the median error and 95th percentile
error to be 0.09 m and 0.20 m. Whereas, the localisation
performance is unstable with the STD larger than 0.13 m for

TABLE II
LOCALISATION ERROR FOR REPRESENTATIVE TEST POINTS

Geometry Configuration Median Error (m) 95th Percentile
Error (m)

STD (m)

Configuration A–Test 1 0.19 0.24 0.03
Configuration A–Test 2 0.14 0.17 0.03
Configuration A–Test 3 0.22 0.25 0.02
Configuration A–Test 4 0.32 0.35 0.02
Configuration B–Test 1 0.33 0.78 0.18
Configuration B–Test 2 0.19 0.22 0.02
Configuration B–Test 3 0.06 0.10 0.02
Configuration B–Test 4 0.29 0.35 0.04
Configuration C–Test 1 0.27 1.30 0.31
Configuration C–Test 2 0.22 0.24 0.02
Configuration C–Test 3 0.22 0.27 0.03
Configuration C–Test 4 0.07 0.15 0.04
Configuration D–Test 1 0.09 0.20 0.15
Configuration D–Test 2 0.50 0.56 0.18
Configuration D–Test 3 0.08 0.13 0.17
Configuration D–Test 4 0.44 0.62 0.13
Test 1 = [0.59,0.550,0.99] m, Test 2 = [0.59,1.050,0.99] m, Test 3 =
[0.59,2.050,0.99] m, Test 4 = [0.59,2.550,0.99] m

Fig. 17. Localisation results of the flight tests.

all the test points under configuration D. Meanwhile, for test
point 2 and test point 4, the median errors are increased to 0.50
m and 0.44 m which is unacceptable for UAV positioning in
extremely confined environments.

To further evaluate the localisation performance and illus-
trate the effectiveness of the proposed approach, flight tests
under different geometry configurations of anchor nodes were
carried out with UAV flying along a planned trajectory. The
planned trajectory with the estimated position under different
geometry configurations of anchor nodes is given in Fig.17.
Therein, the flight tests were only performed with configura-
tion A, B and C, considering the unacceptable and unstable
accuracy for configuration D. As apparent from the localisation
results, the same conclusion can be made in contrast to the
results from simulation and static experiments.

In conclusion, from the experimental results, it can be
determined that in the space with a small size in depth
direction (less than 2 m), configuration A is able to provide
precise and accurate localisation for UAV with the average
RMSE and STD under 0.15 m and 0.07 m, respectively. On
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the contrary, configuration B and C are much more suitable
to be applied in the area with a larger size in depth direction,
especially for configuration C where higher accuracy can be
provided. However, performance drop-off will be noticed when
the UAV is approaching the entrance of the area (near the
anchor nodes deployment area).

For our focused application scenarios in extremely confined
environments, one of the most important indexes for UAV
positioning is the STD for the localisation error. This is also
known as the precision or the level of performance oscillation
for the system. The precision will have a huge impact on
the stability of UAV in such environments. Considering the
dimensions of the DJI Tello (98 mm× 92.5 mm× 41 mm), the
precision less than 0.098 m is acceptable for our application
which can be attained with the suitable geometry configuration
of anchor nodes. On the other hand, regarding to the absolute
accuracy, this index is relevant to the situation that whether
UAV can fly along with the planned trajectory and hit the
targeted points or not. Owing to the air flow disturbance, in
such environments, UAV cannot fly too close to the wall for
inspection, in case of the instability control or crash down.
Therefore, a safety distance is required when planning the
trajectory or target points. Meanwhile, the system is developed
for smart inspection, even UAV cannot hit every target point
accurately, the camera can still record the video or picture in
that area for further inspection. Thus, the average RMSE less
than 0.2 m is acceptable for our application. In conclusion,
with our proposed approach, the precise UAV positioning
can be achieved in extremely confined environments under
different circumstances.

V. CONCLUSION

Under the consideration of the increasing demand on UAV
autonomous inspection, especially for the inspection in the
small storage tank or pressure vessel which is hard or impossi-
ble for humans to access, this paper proposed a high-precision
UWB based UAV positioning approach for applications in
extremely confined environments. Firstly, the TW-TOF based
localisation scheme with the MLE method was combined as
the localisation algorithm for precise UAV positioning. Then,
the anchor deployment strategies were analysed and simulated
with the considerations on the highly restricted number and de-
ployment area of anchor nodes in the confined environments.
This was done to find the most suitable geometry configura-
tions with accurate and robust performance. Finally, the real-
world tests were carried out to validate the performance of
the proposed approach. As shown in the results, the approach
could provide precise 3D UAV positioning with a decimetre-
level accuracy and centimetre-level precision. This was done
under three different geometry configurations of anchor nodes.
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