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Abstract— Inspecting sewers represents a significant chal-
lenge as these environments pose considerable safety risks to
human operators. In this view, drones capable of autonomous
flight can be used to perform inspection tasks reducing human
exposure. However, sewer environments are typically confined,
featureless, and poorly lit, hence, standard algorithms for the
localization in GNSS-denied environments, such as Visual-
Inertial Odometry (VIO), often fail. In addition, drone lo-
calization is further complicated by rotor-induced turbulence,
and vibrations, that affect sensor measurements. This paper
presents a low-cost multisensor-based method for robust pose
reconstruction of Unmanned Aerial Vehicles (UAVs) to enable
reliable navigation in visually degraded, GPS-denied envi-
ronments. The proposed framework leverages environmental
geometry, specifically obstacle and wall distances, to estimate
relative motion and correct drift via a speed control strategy
that maximizes the distance from any obstacle. The approach is
validated through both simulation and real-world experiments,
demonstrating its effectiveness in representative scenarios.

I. INTRODUCTION

Underground inspections of dangerous and difficult-to-
access environments pose significant challenges from both
a safety and economic standpoint. These inspections often
involve visiting confined spaces characterized by reduced
visibility, presence of toxic substances, and limited acces-
sibility. These conditions not only increase the complexity
and risk of manual inspections but also result in higher
operational costs.

In the recent years, the use of Unmanned Aerial Vehicles
(UAVs) has become increasingly prominent due to their
ability to navigate autonomously, collect real-time data, and
reduce the risks associated with human intervention [1].
The growing availability of UAVs has opened new av-
enues for addressing these issues. Drones, particularly those
equipped with advanced sensing and navigation systems,
have demonstrated their potential in reducing human expo-
sure to danger while increasing the efficiency of inspec-
tions. A recent review about drone-based non-destructive
inspection in industrial sites highlights case studies where
UAVs significantly reduce human exposure to hazardous
environments [2]. These examples confirm that UAVs are
particularly suitable for inspecting industrial scenarios.
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Fig. 1: Illustration of a UAV inspecting a sewer manhole.

However, underground environments, such as tunnels and
sewer systems, remain largely difficult to explore using
UAVs due to the lack of GPS signal and often harsh visual
conditions. To address this issue, this work proposes a
robust, sensor-fusion-based system that can reconstruct the
drone’s pose using a low-cost sensor setup, allowing UAVs
to navigate safely in confined environments such as sewer
manholes (see Fig. 1). We consider a UAV equipped with
a 2D LiDAR, a 1D Time-of-Flight (ToF) laser pointing
downward, and an inertial sensor that are jointly used to
perceive the drone’s surroundings and estimate its local
position with a sufficiently high frame rate. The proposed
system also features a control logic with a switching mech-
anism that identifies convex, tunnel-like environments and
adjusts the localization source accordingly. This architecture
ensures smooth transitions between Visual Inertial Odometry
(VIO) and the proposed pose estimation methods, increasing
the drone’s autonomy and stability in constrained settings.
The method is first validated with several simulated case
studies in scenarios where classical VIO systems diverge
due to the lack of visual features. Additionally, experiments
are conducted in a mock-up featureless environment, where
the performance of the proposed localization strategy is
validated using an external motion capture system which
demonstrated the accuracy of the solution with an average
error of 7.22× 10−3 m in the most challenging scenario.

The remaining part of the paper is structured as follows:
Section II provides an overview of existing methods em-
ployed by aerial robots for inspection of challenging envi-
ronments. Section III presents the proposed method, focusing
on how the pose reconstruction occurs along individual
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directions. Section IV describes simulated and real tests
carried out for the validation of the proposed methodology.
Finally, Section V concludes by summarizing the obtained
results and suggests potential future improvements.

II. RELATED WORKS

UAVs have become a popular tool for inspection tasks
in recent years. Their ability to access hard-to-reach areas,
reduce inspection time, and limit risks to human operators
makes them suitable for many industrial applications [2].
However, when it comes to inspecting environments such as
sewer manholes, the literature is very limited, and there are
almost no modern studies that directly address this scenario.
These gloomy environments present unique challenges such
as confined space, low or no illumination, and GPS-denied
conditions, which make the use of standard UAV inspection
methods particularly difficult.

Recent research has focused on specific UAV frameworks
for inspection. The work in [3] proposes a semi-autonomous
aerial platform designed for non-destructive testing in in-
dustrial settings, while the use of UAVs for autonomous
visual inspection of industrial plants is demonstrated in [4].
In addition, a vision-based approach enabling UAVs to track
pipes for inspection tasks is proposed in [5]. In terms of
sensing technologies, different sensing strategies have been
investigated. Vision-based methods are widely adopted, often
combined with inertial measurements. In [6], OpenVINS is
presented, a modular platform for visual-inertial estimation
based on a Kalman filter manifold sliding window, while
in [7] VINS-Mono is developed, a robust and versatile
monocular visual-inertial state estimator, based on a camera
and a low-cost Inertial Measurement Unit (IMU) that form a
monocular visual-inertial system (VINS). Other well-known
frameworks include ORB-SLAM2 [8] and RTAB-Map [9],
complete simultaneous localization and mapping (SLAM)
system for different types of cameras.

LiDAR-based approaches have also been extensively stud-
ied. The work in [10] proposes the LOAM algorithm, an
odometry and mapping package for LiDARs with a small
field of view. In [11], LeGO-LOAM is introduced, optimized
for ground vehicles on rough terrain, which leverages the
presence of a ground plane in its segmentation and optimiza-
tion steps. Later, hybrid systems, such as [12], are presented,
which couple LiDAR, vision, and IMU data. More recent
work, such as Fast-LIO2 [13] and Point-LIO [14], pushed
forward high-bandwidth and robust LiDAR-inertial odometry
solutions.

Although these methods exhibit good performance in
conventional industrial sites, they are not directly applicable
to gloomy environments. Vision-based techniques fail in dark
or low-texture environments, where cameras cannot extract
reliable features. Furthermore, the absence of GPS prevents
global positioning, requiring fully self-contained localization
methods. Solutions based on 3D LiDARs can retrieve a valid
pose estimate in a sewer environment, but most common
LiDAR sensors are heavy and expensive, making them
unusable for small and low-cost UAV applications.

This work aims to address this gap in the literature by
proposing a robust and practical localization framework
designed for low-visibility and GPS-denied environments
with small and low-cost UAVs.

III. METHODOLOGY

The proposed framework is organized into several inter-
connected modules, each responsible for a specific task,
as shown in Fig. 2. In open, feature-rich areas, the pose
reconstructed by VIO algorithms is used by the drone as its
local pose. When entering the confined area (see Fig. 1),
the proposed method comes into play, utilizing the last
pose reconstructed by the VIO algorithms in conjunction
with sensor data, which are then processed to determine the
local pose of the drone. The coordinates of the point cloud
from the 2D LiDAR sensor are first processed using the
Welzl algorithm [15], which provides as output the relative
deviations along the horizontal plane. These deviations are
then filtered through a Butterworth filter [16] before being
fused with the measurements obtained from the rangefinder.
Finally, the IMU measurements, processed by the Madgwick
filter [17], provide the quaternion that completes the pose
reconstruction. Furthermore, the proposed solution intro-
duces a velocity control too, which, given the current pose
estimation, computes the next safe target. Every component
is explained in details in the following sections.

A. Sewer detection

Recognizing the convex area, which in the case under
study refers to a sewer-type environment, is carried out
using a double-step approach. Denote by Mk ∈ RN×2 the
matrix that stacks the couples, mk

i,x, mk
i,y , representing the

measured position in the x−y plane of the N points at time k
with respect to the base frame of the UAV. The center (xc, yc)
and radius r of the convex region are estimated from Mk as

xc =
1

N

N∑
i=1

mi,x, yc =
1

N

N∑
i=1

mi,y, (1)

r = max
i=1,...,N

√
(mi,x − xc)2 + (mi,y − yc)2, (2)

where the subscript related to the timestamp is removed to
ease the notation, assuming that this procedure is repeated
at every laser scan acquisition. Then, the following two
conditions are checked for verification:

1) The first condition is met if the average distance d̄ from
each LiDAR point

d̄ =
1

N

N∑
i=1

√
(mi,x − xc)2 + (mi,y − yc)2 ≤ dmax

(3)
where dmax has been appropriately tuned and reported
in Table I. This suggests that the drone is located inside
a narrow convex tunnel.

2) The second condition is met if the deviation of each
LiDAR point from the expected convex boundary is
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Fig. 2: Schematic overview of the entire system. The interconnections between the various blocks show the quantities that act as outputs
and inputs, which are explained in the formulas used in the methodology.

below a tolerance value. For each point, the deviation
δi is computed as

δi =
√
(mi,x − xc)2 + (mi,y − yc)2 − r, (4)

and then its mean µ and standard deviation σ are
calculated as

µ =
1

N

N∑
i=1

di, σ =

√√√√ 1

N

N∑
i=1

(δi − µ), (5)

where di are the Euclidean distances of each LiDAR
point from the sensor. A small σ indicates that most
points are consistently aligned with the convex bound-
ary, so the condition to be met is |σ| ≤ s · r, where s
represents a tolerance value.

Both conditions must remain within predefined thresholds
to switch from VIO to the proposed pose reconstruction
method. These values (shown in Table I) were tuned ac-
cording to the dimensions of the sewer and the precision of
the sensor.

B. Pose reconstruction

The core contribution of the proposed solution is the
implementation of a 3D pose reconstruction strategy in a
featureless environment using a low-cost sensor configura-
tion. Specifically, the local position of the drone is esti-
mated by combining data from a 2D LiDAR, a down-facing
rangefinder, and an IMU (working frequencies are shown in
Tab. II). The key features of these sensors can be recalled as
follows:

• the 2D LiDAR is used to retrieve the absolute distance
from the surrounding walls, its measurements corre-
spond to a 360◦ scan of the environment;

• the rangefinder sensor, mounted pointing downwards,
provides the relative distance from the ground;

Case s dmax

Simulations 0.195 3.0 m
Experiments 0.35 1.0 m

TABLE I: Threshold values used for the evaluation tests.

• the IMU measures linear accelerations and angular
velocities of the drone’s frame.

These sensors work in a complementary manner. The
collected data are fused to obtain a consistent and accurate
estimate of the drone’s local position, which is then used to
navigate within the sewer manhole. In the following, the two
steps to reconstruct the UAV’s pose are described.

1) Attitude Estimation: When the drone enters the convex
area, the current yaw, obtained by appropriately converting
the quaternion, retrieved from the IMU and applying the
Madgwick filter, is saved as offset φI

k0
, while the yaw of the

last estimate using the VIO algorithm is saved as reference
φV
k0

, indicating with k0 the time instant when the drone enters
the convex area. The current yaw of the reconstructed pose
at time k > k0, defined as φ̂k, is updated at every iteration
as

φ̂k = φV
k0

+ (φI
k − φI

k0
), (6)

where φI
k represents the yaw derived from the quaternion

at each acquisition from the IMU sensor. The estimated
heading is then wrapped to be within the interval [−π,+π].
Considering the estimated yaw in radians, its normalization
is implemented using the following logic:

if φ̂k > π ⇒ φ̂k = φ̂k − 2π

else if φ̂k < −π ⇒ φ̂k = φ̂k + 2π.

At this point, the resulting yaw is used to generate the
rotation matrix as

Rk = R(φ̂k), Rk ∈ SO(3), (7)

that will be required to reconstruct the x− y UAV position,
with roll and pitch set to zero, assuming that the drone
is not tilted, flying in a vertical sewer and not performing
aggressive stabilizing maneuvers.

Sensor type Frequency
2D LiDAR 10 Hz
Rangefinder 100 Hz
IMU 200 Hz

TABLE II: Sensor configuration parameters.
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Fig. 3: Example of application of Welzl’s algorithm, in which the
sewer pipe has a circular shape.

2) Position Estimation: The process of reconstructing
UAV position is closely linked to orientation and follows
the same logic: at each iteration, deviations from the initial
offsets of the respective coordinates are calculated.

To estimate the deviations for each iteration and then
update the local pose, all the valid LiDAR points are
projected into the horizontal plane and processed by the
Welzl algorithm [15], a computational geometry method
that computes the minimum enclosing circle of a set of
points in two dimensions. The output provides the circle
that best approximates the convex area and its center, which
is considered the estimated relative position of the drone
on the horizontal plane. This approach is based on the
assumption that any deviation from symmetry in the LiDAR
point reflects the movement of the drone. For example,
referring to Fig. 3, when the drone enters the circular area,
it is placed roughly at the center of the sewer. The LiDAR
points form a relatively symmetric shape around it. In this
case, the center of the minimum enclosing circle coincides
with the actual drone position. However, when the drone
starts moving towards a wall (to the left), the distribution of
LiDAR points becomes asymmetric: points on the left side of
the wall are closer, while points on the opposite side remain
farther away. Since Welzl’s algorithm must include all points,
the circle tends to expand toward the farthest side (right
side), causing its center to shift in the opposite direction
of the drone’s motion. This geometric shift is the key: by
tracking the displacement of the circle’s center over time, it is
possible to infer the relative motion of the drone in the x−y
plane. The first frame computed is treated as the reference
frame. All subsequent positions are computed starting from
this initial frame, allowing position estimation based only on
LiDAR measurements. In this sense, the system estimates
a coherent incremental position. Therefore, this algorithm
receives the LiDAR points projected onto the horizontal
plane as input and provides the coordinates xL

k and yLk as
output, i.e., the estimation of the relative position of the drone
in the sewer. The offsets, xL

k0
and yLk0

, represent the values
processed, using the Welzl algorithm, when the drone enters
the convex area at time k0. To reduce unwanted fluctuations
in the estimated positions, a Butterworth low-pass filter is
applied [16]. The filter is implemented over a sliding window
containing the most recent position measurements. The raw
xL
k and yLk values are collected in real time and filtered once

the number of samples reaches a predefined threshold. The

last filtered value, xLf
k and yLf

k , are then used as the updated
relative position. Similarly, to get the filtered offsets, xLf

k0

and yLf
k0

, 20 iterations of the Welzl algorithm are executed
at the entrance of the sewer, the results are stored, and then
filtered with the same logic to remove possible outliers. The
chosen parameters for the filter are shown in the Table III.
The sampling rate of 10 Hz guarantees that the filter can
respond promptly without excessive delay, while keeping
the computational load low. This ensures that sudden sensor
glitches do not introduce invalid position estimates when the
drone enters the featureless zone.

At this point, the relative deviations are obtained based on
the filtered outputs of Welzl’s algorithm as follows,

∆xk = xLf
k − xLf

k0
, ∆yk = yLf

k − yLf
k0

. (8)

However, before using these deviations to estimate the posi-
tion, the orientation of the drone must be taken into account.
Then, expressing the deviations as vector,

pL
k = [∆xk ∆yk 0]

T
, (9)

this is rotated according to the attitude defined in (7) as

p̄L
k = Rk · pL

k . (10)

Finally, the new estimated drone position is obtained by
adding the rotated deviations p̄L

k to the last VIO estimate
pV
k0

:=
[
xV
k0

yVk0
zVk0

]T
as follows,

x̂k = xV
k0

+ p̄Lk,x, ŷk = yVk0
+ p̄Lk,y, (11)

where p̄Lk,x, p̄
L
k,y are the components of p̄L

k in Eq. (10).
Finally, to compute the position along the z-axis, an initial
offset zRk0

equal to the data provided by the rangefinder
sensor is defined at the time of the switch. At each iteration,
the deviation ∆zk is calculated by subtracting the offset from
the current value of the depth sensor zRk , and this deviation
is added to the last valid altitude value from the VIO, zVk0

,
as follows,

∆zk = zRk − zRk0
, ẑk = zVk0

+∆zk. (12)

C. Velocity control

As an additional feature, the proposed solution includes
a velocity control for the drone’s navigation based on arti-
ficial potential methods [18]. This approach is based on the
definition of potential fields, i.e., scalar fields that describe
the influence that walls or obstacles in the environment exert
on the drone. In particular, walls and obstacles are treated
as a repulsive potential, the purpose of which is to push
the drone away from them, while the center of the convex
zone represents an attractive potential. At each iteration, the
drone senses the environment, computes repulsive vectors

Parameters Value
Sampling rate 10 Hz
Cutoff frequency 4.5 Hz
Window size 10 samples

TABLE III: Butterworth filter configuration parameters.
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based on the distance from nearby walls, and an attractive
vector pointing toward the goal. These vectors are combined
to obtain a preferred direction of motion. Based on this
direction, a new velocity command is calculated and applied
to the drone. This loop continues until the target is reached
or new environmental changes are detected. The first step
of the proposed solution consists of estimating the average
distances between the drone and the surrounding walls along
the x− y plane as follows,

xa,k =
1

N

N∑
i=1

mk
x,i, ya,k =

1

N

N∑
i=1

mk
y,i, (13)

and the Euclidean distance is computed as

dk =
√
xa,k

2 + ya,k2. (14)

Based on these distances, the repulsive velocity vector along
the two axes are calculated as

vx,k =
xa,k

dk
, vy,k =

ya,k
dk

. (15)

Hence, the commanded velocity vector to be sent to the
drone, based on the distance between the point that max-
imizes the distance from the surrounding environment and
the position of the drone, is obtained as

vc
k =

[
vx,k vy,k vz,k

]T
. (16)

The vector along the z-axis vz,k depends on whether the
drone needs to enter or exit the convex area, so it can take
values 1, meaning the drone should go up, and −1, meaning
the drone should go down. Then, the commanded velocity
vector is computed as

v̄c
k = vc

k ⊙ vmax, (17)

where ⊙ denotes the Hadamard product and the vmax ∈ R3

values, given in Table IV, represent the maximum velocity
allowed to limit the velocities sent to the drone and avoid
sudden accelerations. Finally, defining the drone pose esti-
mate of the previous loop and described in the subsection III-
B.2 as p̂k =

[
x̂k ŷk ẑk

]T
, the desired position is updated

at each iteration using the formulation

pd
k+1 = p̂k + v̄c

k ∆t, (18)

where ∆t = 0.1 s is the control loop time step. Thanks
to the artificial potential methods, this approach does not
require a rigid path to be planned, allowing the drone to
react dynamically to changes in the environment.

Direction Max Velocity
Horizontal (vmax

x/y
) 0.0002 m/s

Vertical (vmax
z ) 0.02 m/s

TABLE IV: Maximum velocity values used during the autonomous
velocity control.

Fig. 4: Simulation scenario reproduced in Gazebo. The sewer
pipe is 123 m high and its shape changes as it descends deeper
underground.

IV. CASE-STUDIES

To evaluate the proposed framework, a series of simu-
lations and experimental case studies was designed. Simu-
lations provide a safe environment for exploring different
configurations and challenging situations, while real-world
experiments demonstrate the practical applicability of the
method on a physical platform.

A. Simulations

Four different simulated case-studies have been carried out
using the Gazebo simulator (Fig. 4). The aerial platform
was simulated using the PX4 Software-In-The-Loop [19],
v1.12.0, with the Iris quadcopter model equipped with a
depth camera, a 2D LiDAR sensor, an IMU sensor and a
rangefinder pointing downwards. The entire navigation sys-
tem was developed within the ROS middleware [20], while
communication between the navigation software and the
simulated drone was handled through Mavros. The drone’s
pose published by Gazebo’s internal simulation topics was
considered as ground-truth, and was compared to the recon-
structed pose computed by the proposed localization system.
To this end, the drone is first armed and then switched
to OFFBOARD control mode, which indicates an external
control mode where high-level commands are provided in
real-time from an onboard computer. This mode allows the
execution of autonomous missions where the full control
logic is implemented externally. Three diverse simulated case
studies are carried out to evaluate the behavior of the drone
in such environments.

1) Hovering: after entering the sewer and reaching a
predefined waypoint, the drone was commanded to
maintain its position without moving.

2) Descent and ascent maneuvers: approaching the sewer,
entering the manhole, descending to a predefined
depth, ascending, and returning to the starting point.

3) Autonomous navigation: the drone executes a repetitive
up-and-down motion within the tunnel.

Among these, only the results of the last case study are
presented in detail due limited space. Pose estimation errors
are reported in Fig. 5. Quantitatively, it can be seen that the
errors are of the order of 10−2 m. Focusing on the altitude
error, it can be noted that it is initially about 0.05 m, due
to the acceleration of the drone as it enters the simulated
sewer. Then, having imposed limited speed controls, the error
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Fig. 5: Simulated case-study result: the graphs represent the recon-
struction errors of the pose.

decreases and settles at values below 0.02 m. To evaluate the
performance obtained in the three case studies, the metrics
shown in the Table V were calculated in terms of Absolute
Position Error (APE). These metrics, respectively, describe:

• MAX – maximum position error over the trajectory;
• MEAN – average position error over the trajectory;
• STD – Standard deviation error which accounts for its

consistency over the trajectory.
From the values obtained, the best results are obtained in
test 1), in which the drone manages to hover without any
problems; while test 2) shows the worst results, which is
to be expected since, unlike in test 3), the speeds are not
limited, which increases the errors.

B. Real-world Experiments

Once the proposed approach had been validated in simu-
lation, it was tested on a real platform. The drone used is a
quadcopter with a custom carbon fiber frame (see Fig. 6). It
is equipped with an RGB-D – Intel RealSense D435i 1, with
integrated IMU, a 2D LiDAR – Slamtec RPLiDAR A2M82,
and a ToF rangefinder sensor – Benewake TF-Luna (8 m)3.
The flight controller board used is a PixHawk CubePilot
Orange4 with the PX4 Autopilot v1.12. Additionally, the
drone is equipped with a LattePanda 3 Delta5 as a companion
computer. The test were conducted within the PRISMA
laboratory, where a square sewer manhole-like environment
(with sides measuring 0.94 m) was reproduced (see Fig. 7).

1https://www.intelrealsense.com/depth-camera-d435i/
2https://www.slamtec.com/en/LiDAR/A2
3https://en.benewake.com/TFLuna/index.html
4https://docs.px4.io/main/en/flight controller/cubepilot cube orange.html
5https://www.lattepanda.com/lattepanda-3-delta

Metric Test 1 [m] Test 2 [m] Test 3 [m]

MAX 3.75× 10−2 4.71× 10−2 4.42× 10−2

MEAN 2.41× 10−3 5.50× 10−3 2.23× 10−3

STD 4.01× 10−3 8.13× 10−3 3.54× 10−3

TABLE V: Metrics obtained to evaluate performed simulations.

Fig. 6: Drone used during experiments equipped with IMU sensor
integrated into the camera, 2D LiDAR positioned above the drone,
and range finder positioned underneath the frame.

Inside, four OptiTrack cameras have been placed at the
bottom of the setup, which appropriately reconstruct the
drone’s position, considered as ground-truth. During tests,
the drone was not armed, but was manually lowered into
the simulated scenario, meaning that speed control was not
tested. In this context, four tests were reproduced to stress
the proposed localization algorithm as much as possible. In
the first test, the drone was manually moved downwards and
upwards within the convex structure twice, keeping the yaw
constant during the movement, that is, with an average angu-
lar velocity around the z-axis of -0.015 rad/s. Conversely, in
the second test, the drone is rotated with an average angular
velocity of -1.166 rad/s in order to verify that, despite the
high rotation speed, the orientation reconstruction remains
reliable. In the third test, the actual conditions of sewer
pipe inspection are simulated, including smooth ascents and
descents, with an average linear velocity along the z-axis of
0.11 m/s. In the last test, the speed of the process is increased
to 0.18 m/s, and the drone is made to exit the convex area
several times. As for the simulations, only the results of the
last case study are presented in detail. Figure 8 shows the
pose reconstruction errors. Gray vertical lines in the figure
indicate the moments when the drone left the convex area;
the proposed method does not reconstruct the pose, hence,
it is meaningless to report the error in those intervals. This
further highlights the effectiveness of the proposed method
in reconstructing the drone’s position despite its continuous
exits from the convex area. Quantitatively, the error along

(a) (b)

Fig. 7: Recreated environment in which the experiments were
conducted. (a) Top view of the setup. (b) Lateral view of the setup.
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Fig. 8: Real-world experiment result: as for the simulated experi-
ment, errors the pose reconstruction errors are reported.

the x and y axes has improved compared to simulations,
being of the order of 10−3 m; while for the z axis, there is
a degradation in performance due to the speed at which the
drone moves. Finally, for what regards the yaw, the IMU
is not affected by any drift error. To evaluate the errors
obtained in the four experiments, Table VI reports the results
for each case study. Even in the worst scenario, the average
error remains on the order of 10−4 m, which confirms the
high accuracy of the proposed method. Moreover, the low
values of the standard deviation indicate that error peaks are
rare and that the estimation remains stable over time.

V. CONCLUSIONS

This paper introduces a complete localization system for a
drone operating inside sewer manholes. The method has been
thoroughly tested through both simulations and experiments
demonstrating an high level of accuracy and robustness
in estimating the UAV pose. Since the main goal is to
reconstruct the drone’s pose in dark and difficult-to-navigate
environments, this approach could be easily expanded and
adapted for other scenarios where autonomous drones must
navigate in complex, GPS-denied spaces. As a future step,
we aim to test the proposed solution in a real sewer scenario,
making the drone fly autonomously thanks to the proposed
localization and velocity control. Another potential future
improvement may rely on the application of more complex
fusion strategies, such as Kalman filters or particle filters. To
make the proposed algorithm more robust, sensor redundancy
can be designed for a more advanced configuration. This
improvement can help in case of sensor faults or sudden
changes in lighting conditions.

Metric Test 1 [m] Test 2 [m] Test 3 [m] Test 4 [m]

MAX 5.12×10−3 4.14×10−3 4.86×10−2 7.78×10−3

MEAN 1.66×10−4 3.49×10−4 1.88×10−4 7.22×10−4

STD 2.23×10−4 3.82×10−4 1.48×10−3 9.93×10−4

TABLE VI: Metrics obtained to evaluate real-world experiments.
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