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Abstract— Global navigation satellite systems
(GNSS) denied environments/conditions require
unmanned aerial vehicles (UAVs) to energy-efficiently
and reliably fly. To this end, this study presents
perception-and-energy-aware motion planning for
UAVs in GNSS-denied environments. The proposed
planner solves the trajectory planning problem
by optimizing a cost function consisting of two
indices: the total energy consumption of a UAV
and the perception quality of light detection and
ranging (LiDAR) sensor mounted on the UAV.
Before online navigation, a high-fidelity simulator
acquires a flight dataset to learn energy consumption
for the UAV and heteroscedastic uncertainty
associated with LiDAR measurements, both as
functions of the horizontal velocity of the UAV.
The learned models enable the online planner
to estimate energy consumption and perception
quality, reducing UAV battery usage and localization
errors. Simulation experiments in a photorealistic
environment confirm that the proposed planner
can address the trade-off between energy efficiency
and perception quality under heteroscedastic
uncertainty. The open-source code is released at
https://gitlab.com/ReI08/perception-energy-planner.

I. INTRODUCTION

Autonomous unmanned aerial vehicles (UAVs) have
been widely used for various missions such as construc-
tion/infrastructure inspection and search and rescue in
disaster environments. In these missions, UAVs are of-
ten limited in their flight distance/duration because of
the shortage of onboard batteries or positioning errors
owing to onboard sensors and loss of signal from global
navigation satellite systems (GNSSs).

To address the battery problem, a UAV should be
lightened to the extent possible while multiple battery
packs should be mounted on the UAV for long-range
flight, increasing the weight of the UAV. The trade-
off between the UAV’s weight and its batteries severely
limits the flight time and range. To address this is-
sue, recent studies have proposed energy-efficient motion
planning using power consumption models of UAVs. The
common approaches for modeling the power consumption
of UAVs include theoretical and data-driven approaches.
The former describes the physical phenomenon of UAVs
based on aerodynamics and rotor/battery models [1]-
[3]. These works calculate the thrust of UAVs or use the
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Fig. 1. Framework for the Perception-and-Energy-aware motion
planning. High-fidelity simulator collects flight data to learn light
detection and ranging (LiDAR) uncertainty and energy consump-
tion models (right). Using the models, the online planner calculates
energy consumption and perception quality on a circular grid graph
and generates a perception-and-energy-aware trajectory (left).

power-thrust curve of rotors to estimate power consump-
tion. The theoretical model cannot easily optimize the
coefficients and parameters (e.g., the drag coefficient and
rotor efficiency) because they vary with different types
of drones and flight conditions. In contrast, the latter
can easily be implemented without extensive calculations
of aerodynamics, while a considerable amount of exper-
imental flight data for power consumption is required
[4]-[7]. These works can predict energy consumption
with high accuracy if variables such as the velocity and
acceleration of UAVs are effectively exploited for model
inputs.

GNSS-denied environments/conditions often observed
in stormy mountainous areas, forests, and even urban
canyons require UAVs to reliably fly autonomously. Si-
multaneous localization and mapping (SLAM) is ca-
pable of self-pose estimation as it utilizes light detec-
tion and ranging (LiDAR) that directly measures three-
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SLAM methods to reduce the state estimation error of
UAVs in GNSS-denied environments [8]-[10]. However,
these studies have several limitations. For instance, pose
estimation performs poorly in large measurement uncer-
tainty or non-landmark feature points. This is because
LiDAR-based SLAM suffers from sensing noise and geo-
metric degenerations, such as long straight tunnels and
planar environments. A few studies have addressed the
degeneration problem for the LiDAR-based SLAM [11]-
[14]. To resolve the optimization problem for pose estima-
tion, Zhang et al. used only well-conditioned constraints,
and Jiao et al. selected valuable/informative features.
Zhou et al. exploited the Fisher information matrix
(FIM) associated with LIDAR measurement uncertainty,
thereby detecting the degeneration degree of sensor mea-
surements. Zhang et al. proposed a perception-aware
path planning method to address such degeneration
problem [15]. They introduced the idea of the Fisher
information field (FIF) to efficiently calculate the FIM
from a set of a sparse point cloud. Although a planner
with FIF increases the localization success rate and
accuracy, it is restricted to known environments because
the accurate pre-computation of the FIF is needed. Our
previous study also proposed a perception-aware path
planner, which assesses the perception quality for a
LiDAR-based SLAM algorithm online [16].

Thus far, several studies on energy-efficient or
perception-aware motion planning have been reported.
However, none have focused on both simultaneously. This
issue may sometimes be involved in the trade-off between
energy efficiency and perception quality. Intuitively, as
the velocity of a UAV increases, the perception quality
for SLAM likely decreases. Conversely, at a lower veloc-
ity, the total energy consumption increases as reported in
the literature [4], [7]. Further, the FIM calculation for the
perception quality [14], [15] is demonstrated to be valid
only when LiDAR measurement uncertainty is constant.
However, the measurement uncertainty is dependent on
several factors, such as UAV behaviour, leading to het-
eroscedastic uncertainty. Therefore, this study proposes
perception-and-energy-aware motion planning for UAVs
under heteroscedastic uncertainty assumption, enabling
them to fly while maintaining energy efficiency and pose
estimation accuracy. The proposed planning framework
consists of offline and online components, as shown in
Fig. 1. In the offline process, a high-fidelity simulator col-
lects a flight dataset to learn heteroscedastic uncertainty
for LIDAR measurements and the energy consumption of
a UAV according to its velocity. Using learned models,
the online planner solves the trajectory planning problem
to minimize the cost function, which comprised the
perception quality and total energy consumption. Our
research highlights are as follows:

e Learning heteroscedastic uncertainty in LiDAR
measurements correlated with the velocity of a UAV;
e Designing a trajectory planner, which optimize the

Fig. 2. Schematic view of the UAV with the gimbal-based 3D
LiDAR system.

trade-off between the energy consumption and per-
ception quality using the LiDAR uncertainty model;
¢ Verifying the proposed planner can solve the trade-
off under heteroscedastic uncertainty; and
o Validating the proposed planner using photorealistic
simulations.

The remainder of this paper is organized as follows:
Section II defines the problem statement. Section III
presents the proposed motion planning with the energy
consumption and perception quality for LiDAR uncer-
tainty. Section IV discusses the results of our simulation
experiment. Finally, Section V presents the conclusion
and scope for future studies.

II. PROBLEM STATEMENT
A. System for UAV with gimbal-based 3D LiDAR

As shown in Fig. 2, we assume that a UAV is equipped
with a 3D LiDAR sensor on its bottom, enabling 3D
scanning with a 360° field of view. The state variable
of the UAV is expressed as follows:

=[xy V 6 0", (1)

where x and y are the coordinates of the center of gravity
of the UAV. V is the horizontal velocity of the UAV
and operates along the tangential direction of the z-
y curve. We assume that the UAV moves horizontally
because vertical takeoff and landing UAVs are capable
of efficient exploratory flight. 6, and 6, are the gimbal
angles, enabling the LiDAR sensor to scan the terrain
surface horizontally even if the UAV is tilted; otherwise,
the vertical field of view of LiDAR would be relatively
narrow. The gimbal automatically controls 8, and 0, to
be inverse angles to the posture of the UAV obtained
from an inertia measurement unit mounted on the UAV.
Therefore, these variables are ignored in the motion
planning process.

B. System dynamics and observation model

Generally, using the system dynamics f(-) of a UAV
with an observation model ¥h(-) for the k-th feature
point of the SLAM algorithm, the state and sensor
measurement of the UAV are described in a discrete-time
manner as follows:

mn:f(m’n*17un71)a $n€X7 uﬂEU, (2)
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where the state variable x,, and control variable u,
describe the time evolution of the system dynamics from
time n—1 to n. X and U are the state and control input
spaces of the UAV, respectively. ¥z, is the measurement
of the k-th feature point. In LiDAR~based observation,
the number of feature points is quite numerous; therefore,
the LIiDAR odometry and mapping (LAOM) algorithm
is exploited as the SLAM to estimate the state using
k2n [8]. ¥¢&, is the observation noise obtained using a
Gaussian distribution with the absolute error psens and
repeatability osens, which may cause the degeneration
of the LOAM algorithm. According to [17], the absolute
error is based on the residual between the mean of the
measured values and true value, and the repeatability ex-
presses the standard deviation for sensor measurements.
In this study, the measurement probability is assumed
to be a Gaussian distribution; hence the sensor model is
described using the following equation:

1 (kzn_(kh(zn)+ﬂsens))2
exp —

2
27‘(’(73611S 2Usens

p(kzn|a:n) =

(4)

We assume that the observation uncertainty pigens and

Osens are decoupled into two, derived from the motion of

the UAV and the distance between the UAV and scanned
object:

Usens = UD + M, USQens = 012:) + 0—1%/[7 (5)

where up and op describe distance-based uncertainty,
and py and oy denote motion-based uncertainty. This
assumption is derived from the literature [17], [18], where
LiDAR uncertainty is affected by long-range measure-
ments and vibrations from the flight motions of UAVs.
For distance-based uncertainty, 0123 can be quantified
using the experimental results in [19]. Notably, this study
ignores up as it is easily offset by the LiDAR calibration.
For motion-based uncertainty, we assume heteroscedastic
uncertainty, meaning that uy; and oy are dependent
on the horizontal velocity of the UAV. This is because
vibrations for the LiDAR measurement are caused by the
gimbal control angles 6, and 6, which increase when the
UAV flies rapidly and tilts significantly. By preparing a
dataset of UAV velocity versus observation error from Li-
DAR measurement experiments, observation uncertainty
is modeled using a learning-based regression function. g
and oy increase in proportion to the velocity of the UAV
because the gimbal tilts and vibrates extensively during
its fast flights, which enlarges LiDAR measurement un-
certainty.

C. Objective for motion planning

This study ensures that a UAV reaches a given goal
area in GNSS-denied and unknown environments while
reducing pose error and energy consumption. We address
this challenge as motion planning, where the planner
finds a feasible trajectory to a goal region. This motion

planning determines sequential states with the percep-
tion quality and energy efficiency of the UAV as follows:

T*= arg min {apCp(T)+arCr(T)}, (6)

T=[zs,...,xg]

where Cp and Cg are the cost related to perception
quality and energy consumption, respectively. The pa-
rameters ap and ag are the weighting factor to prioritize
each term. 7 is the nominal trajectory, which is given by
the sequence of the UAV’s state from the initial state x4
to the goal state zg in Xgoal.

Summarily, our planning problem can be defined as
follows: Given zg and Xgoa1, solve Eq. (6) s.t. Egs.

(2)-(5).
III. MOTION PLANNING ALGORITHM
A. QOverview

The proposed motion planning algorithm searches for a
perception-aware trajectory with lower energy consump-
tion. To this end, we exploit the framework of a rapidly-
exploring random tree star (RRT*) [20] with a spline
smoothing approach. An RRT* algorithm can generate
a cost-optimal path [20]. It has widely been used for
the motion planning of UAVs. Despite its advantage,
RRT*-based planners in high-dimensional problems are
still time-consuming because numerical simulation with
a dynamic model requires a high computational burden
to propagate the tree structure. Therefore, a spline curve
is used for path smoothing while the RRT* algorithm ex-
tends its tree on the z-y plane. Cubic spline interpolation
exploits the extended tree as control points, as reported
in the literature [21].

Algorithm 1 shows the procedure of our algorithm.
Before starting the motion planning, Giree is defined as
a tree using the initial state (Alg. 1, Line 1). The Sample
function randomly samples a node including z and y
coordinates (Alg. 1, Line 3). The GetNearTipStates func-
tion searches for states near the extended node among tip
states of each trajectory segment in Giree (Alg. 1, Line
6). In the loop (Alg. 1, Line 7), the tree attempts to
extend from the near state to the new node and spline-
based smoothing outputs the x-y curve described by
Sy and Sy, (Alg. 1, Line 8). Subsequently, the velocity
is optimized (Alg. 1, Line 9), where multiple velocity
commands are tried in the range of Vi, to Vinax, and
the cost consisting of energy consumption and percep-
tion quality is compared. Then, the trajectory segment
(i, Tig1,...Trip), which can minimize the cost from
to Ztip through Zpear, is selected (Alg. 1, Lines 10-13)
and added to the tree (Alg. 1, Line 14). As in a basic
RRT* algorithm, a rewiring process is performed (Alg.
1, Lines 15-17). The above-mentioned procedures are
repeated until the tree reaches the goal and the number
of sampled nodes reaches its threshold (Alg. 1, Line 18).
The following subsection describes the calculation of the
costs Cp and CFg related to the perception quality and
energy consumption, respectively.
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Algorithm 1 Perception-and-Energy-aware Motion Planning
Input: Initial state: 2
Input: Goal region: X
Output: Trajectory: T

1: Giree ¢ Initialize(zs)

2: repeat
(Trand, Yrand) <—Sample(Xgoal)
(Tnearest; Ynearest) < GetNearest(Giree; Trand, Yrand)
(Tnews Ynew) <~ Extend(Tnearest, Ynearest» Lrand Yrand )
Xnear < GetNearTipStates(Giree; Tnews Ynew)
for Zncar in Xnear do

(Sz,Sy) +~Smooth(Znear;, Znew, Ynew)

9: ((IL‘L Tit1, ...:L‘tjp>, C)eOptVel(Sm, Sll Vlnam)

oW

% e

10: if C < Chew then

11 Tiparont € Tnear

12: Xnew — (zi,$1+1,m$tip)
13: Chew < C

14:  Giree < AddTrajSeg(Xnew)

15: Xpear ¢ GetNearTipStates(Giree, Tayp, - ytup)

16:  for Tpear in Xpear do

17: Giree < Rewire(Ztip, Tnear)

18: until Tree Giree reaches goal region Xgoa1 and the number
of sampling reaches threshold

19: T < GetTrajectory(Giree)

20: Return T

B. Cost for Perception Quality

Recently, as in the literature [14], [15], the FIM has
been combined with motion planners, leading to the
selection of rich information from sensor observations
in parameter estimation problems such as SLAM. This
study also exploits the FIM to calculate the cost related
to the perception quality for the trajectory segment
(xi,a:i+1,...:z:tip):

j€Gz

ttip Ttip |
Cp = / at, Ip=S 1, 7
P ] S(Im) T ; 9j ( )

T

where I is each FIM for each state z. s(-) is a metric
function such as the determinant and the smallest eigen-
value, allowing the FIM to be a scalar. G5 denotes a
circular grid graph (CGG) at the state x, and g; is the
j-th true grid in the CGG. All the grids in the CGG are
constructed by the feature points extracted in the LOAM
algorithm. For each grid, the FIM is calculated based on
g; and x.

1) Fisher information matriz on CGG: Iy needs to
be calculated for numerous feature points that would
be visible from the UAV if the CGG were not used.
This causes a time-consuming motion-planning problem.
Therefore, we introduce the graph architecture, as shown
in Fig. 3, which was first developed in our previous
study [16]. The graph is used for the downsampling of
the numerous feature points, decreasing the calculation
of the FIM. As shown in Fig. 3, the graph contains
grids in radial and angular directions. Each grid is true
when it contains at least one feature point of the LOAM
algorithm. The CGG is defined using two radii i, and
Tmax- Tmin 1S the minimum radius for obstacle avoidance
because feature-rich objects near the UAV are at risk of
collision. 7% is based on the reliable measurement range
of LiDAR because feature points far from the UAV lack
its accuracy. Notably, the FIM is calculated only for each
true grid in the CGG. Compared with the literature [15],

Scanned
point xg

Fig. 3. CGG for the FIM calculation at the state ;. The
LiDAR-based SLAM algorithm extracts feature points (star shaped
markers) from the point cloud that the UAV acquires at the scanned
point. A grid in the graph becomes true (orange) if it contains at
least one feature point.

this method is useful even for an unknown environment
because the motion planner does not need to prepare the
map.

Subsequently, let us introduce the FIM for the pseudo-
measurement of the grid g in the CGG. Generally, the
FIM is defined as follows:

1, =B (s logp(ola) (o logp(glz))| . (8)

where p is the measurement probability, which is de-
scribed by Eq. (4). As in the reference [22], Eq. (8) can
be transformed as follows:

1 1
1y 8(gh(x) +,Usens) 2y _ 80'sens.
“ Ox ’ x ox

Once pigens and osens are experimentally learned in the
offline process, the FIM can be calculated even in online
motion planning.

Notably, the FIM is a vital concept in parameter
estimation theory and statistics. Recently, the FIM is
used to determine the degeneration degree of the LiDAR
measurements for the LOAM algorithm [14], [15]. How-
ever, they demonstrated only when LiDAR measurement
uncertainty is constant. In this study, the FIM with
the heteroscedastic uncertainty is used to express the
perception quality and this is verified.

2) LiDAR measurement experiment: For modeling
the motion-based uncertainty of LiDAR measurements,
we prepared high-fidelity simulation environments in
Gazebo supported with the PX4 software in the loop
simulation. The UAV model is an extension of PX4
Vision, replacing its camera with a gimbal-based 3D
LiDAR (VLP-16) simulation model [23], as shown in Fig.
2. In the simulation, the UAV moves straight ahead with
a constant velocity for several seconds and the LiDAR
sensor scans along the wall, as shown in Fig. 4 (a). The
origin of the scanned point cloud is converted to the
center of gravity of the UAV, using the gimbal angle
0. and 0,. The Gazebo simulator can log the actual
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Fig. 4. Modeling motion-based uncertainty for gimbal-based
LiDAR system. (a) Illustration of LIDAR measurement experiment.
(b) Measurement results and learned model by HGPR.

©
I

o

distance from the scanned point to the UAV, enabling the
calculation of the LIDAR measurement residual between
the true and measured values during the flight. The
velocity setting of the UAV is in the range of [0.1, 2.0, 4.0,
6.0, 8.0, 10.0] m/s. Notably, the field experiment using an
actual UAV could also be used to model the LiDAR mea-
surement uncertainty. However, we could not determine
whether the experimental results can be derived from
either distance-based or motion-based uncertainty. Con-
versely, the Gazebo simulator can set the distance-based
uncertainty as zero during measurements. Therefore, this
study exploited the simulation environment.

Figure 4 (b) shows the simulation result for LiDAR
measurement uncertainty. As we expected, the measure-
ment error and its variance increase when the velocity
of the UAV increases. Subsequently, the heteroscedastic
Gaussian processes regression (HGPR) [24] is exploited
to learn the dataset. In this figure, the mean error shows
the absolute error up; and o boundary describes the
repeatability opr. Notably, the learned model is used to
calculate the FIM in Eq. (9).

C. Cost for Energy Consumption

The cost Cg is quantified based on the power con-
sumption model, which is developed by the data-driven
approach [6], [7]. The Gazebo simulator was employed
again to measure the power consumption of the UAV
during its flight. The UAV flew horizontally with several
command velocities of [1.0, 2.0, 4.0, 6.0, 8.0, 10.0] m/s.
The power consumption was calculated using the thrust
forces of four motors of the UAV [25]. Each thrust was
measured using the Gazebo force sensor plugin [26]. Fig-
ure 5 (a) shows the measurement results for each velocity.
The plots for the constant velocity were recorded for at
least 5 s, and the plots for acceleration/deceleration were
measured during changing the command velocity.

Once the dataset is collected, the power consumption
model for acceleration/deceleration and the energy con-
sumption model per unit distance are learned based on
the velocity of the UAV and given by the interpolated
curves in Figure 5 (a) and (b). Then, Cg, for a trajectory
segment (Z;,Zi41,..-Trip) With a current velocity Ve is
calculated using the following equation:

% Constant velocity
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® Deceleration
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Fig. 5. Power/energy consumption model as a function of the con-
stant velocity. (a) Power consumption for flight simulation. Dash
lines are the interpolation for each dataset. (b) Energy consumption
per unit distance. The interpolated curve is used for Pconst.
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TABLE 1
PARAMETERS USED IN TRAJECTORY PLANNING SIMULATION.

Parameter o rmax Tmin  7r N9 Vmax Vmin  Pmax  Gmax
Value 1.0 41.0 5.0 6 12 10.0 1.0 600.0 1.0
Unit - m m - - m/s m/s W 52
tr:Vimp
1 P const
Cg= Pacc/decdt+ dl|, (10)
Phax B ‘/tmp
t;:Veur

where P ax is the maximum value of the power consump-
tion for the normalization, P,.c/qec denotes the power
consumption model for acceleration and deceleration,
which is given by the interpolated curves in Fig. 5 (a),
Pronst shows the model for the constant velocity, d is the
distance of the trajectory segment. The first term calcu-
lates the energy consumed from the time of Vi, to that
of Vimp with the maximum acceleration/deceleration
@max- FPeonsy divided by Vimp in the second term is
expressed by the learned model in Fig. 5 (b).
IV. EXPERIMENTAL RESULTS

We conducted two simulation experiments: a
MATLAB-based simulation to verify the function
of the proposed algorithm and a Software-in-the-Loop
(SIL) simulation to validate it. Table I summarizes the
parameters used for the simulations.

A. MATLAB-based Simulation

We highlighted the effect of the proposed planner with
ap = 4 through a comparison with a direct trajectory
between the start and goal with ap =0 and a high
perception-quality (HPQ) trajectory with ap =1000. We
intended the direct trajectory to be the most energy
efficient and the HP(Q trajectory to be the most sensitive
to LIDAR measurements. The planner was tested on two
typical scenarios as shown in Fig. 6 (a) and (b) and
twenty trials because of the randomness of the RRT*
algorithm.

The simulation results are summarized in Table II.
The perception quality in the tables is calculated by
the summation of the eigenvalue of the FIM through-
out a trajectory. The typical trajectory is also shown
in Fig. 6 (c¢) and (d). According to the comparison
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Fig. 6. Results of trajectory planning simulation. Black dots in the
raw map are feature point for the SLAM. In the planning result,
we illustrate the start and goal areas as white and black circles,
respectively. (i), (ii), and (iii) depict the direct, high perception-
quality, and proposed trajectory, respectively. The eigenvalue of
the FIM is calculated at the velocity of 5 m/s for each position
and represented by cyan and magenta gradient overlay: cyan (low
perception quality) to magenta (high perception quality). Other
color bar shows the velocity range of a UAV.

TABLE II
SIMULATION RESULTS FOR SCENARIO 1 AND 2
Energy Perception
consumption [kJ] quality [-]
Scenario 1 2 1 2
(i) Direct 20.5 20.5 0.9x10° 0.1x10°
(ii) HPQ 36.54+1.5 | 32.044.6 | 10.5+£1.1x10% | 9.443.0x10%
(iii) Proposed | 27.440.6 | 24.74£0.6 | 2.6+0.3x10% | 1.74£1.6x10%

between the raw map and planning result, the area
around feature points are assigned as higher FIM values,
implying that the FIM calculation Eq. (9) is applicable to
the perception quality under heteroscedastic uncertainty.
Further, the proposed and HPQ trajectories encouraged
the UAV to approach the area with higher FIM values,
resulting in a higher perception quality than that of
the direct trajectory. Especially, we observed that the
velocity tended to decrease where the perception quality
was relatively large, while the UAV first flew where the
FIM was small. According to Fig. 4 (b), we deduce this
is because the LIDAR measurement uncertainty for the
FIM reduces as the UAV flies slowly. Regarding total
energy consumption, although the proposed trajectory
required 6.9 and 4.2 kJ more than the direct trajectory
for each scenario, it saved 9.1 and 7.3 kJ more than the
HPQ trajectory. Overall, this simulation result implies
that the proposed planner enables the UAV to fly along
a perception-aware trajectory under heteroscedastic un-
certainty while maintaining energy efficiency.

B. SIL Simulation using Photorealistic Environment

We implemented the proposed planner on a robot
operating system to validate it in the SIL simulation. The
proposed planner is iteratively executed using the latest

Fig. 7. Results of Gazebo simulation for the validation of the
proposed planner. Flown trajectories overlaid on the top view of
the environment. The results of the proposed planner (blue) and
a direct trajectory (red) are depicted. Explosion mark describes
the area where the positional error of the UAV exceeds 30 m. We
illustrate the start and goal areas as yellow and red pinpoints,
respectively.

scanned point cloud in a receding horizon manner until
the UAV reaches the specified goal area. We highlighted
the effect of the proposed framework through a compar-
ison with a direct trajectory with the maximum velocity
(ap = 0) using photorealistic 3D models referred from
[27], as in [28]. Additionally, we simulated three times to
eliminate the randomness of the planner. Figures 7 shows
the results of the simulation.

Notably, the UAV with the direct trajectory attempted
to move to the destination with 9.2 kJ energy consump-
tion. However, its pose estimation error exceeded 30
m in the middle of its flight, indicating that its flight
failed. Conversely, while our proposed planner needed
22.3 £ 1.7 kJ for its flight, it encouraged the UAV to
approach feature-rich areas and succeeded in all flights,
maintaining smaller final position error (4.8 4+2.8 m),
which was only 3 % of the distance between the start
and goal area. Overall, the simulation result validated
that our proposed motion planner can work as real time
motion planner and avoid the loss of UAV’s localization.

V. CONCLUSION

In this study, we proposed perception-and-energy-
aware motion planning for UAVs in GNSS-denied en-
vironments. The LiDAR measurement uncertainty was
learned as a function of the horizontal velocity of the
UAV. The online planning exploited the model to esti-
mate the perception quality. Simulation experiments ver-
ified the FIM can be applicable to the perception quality
under heteroscedastic uncertainty. Further, the proposed
planner enabled the UAV to approach the feature-rich
area with appropriate velocity commands in terms of
perception quality and energy efficiency, resulting in the
avoidance of the loss of localization.

Future studies will possibly include the improvement
of the accuracy of the high-fidelity simulator. To im-
plement the proposed planner on our UAV testbed, the
accurate uncertainty model is necessary; however, in field
experiments, it is almost impossible to measure LiDAR
uncertainty as discussed. Thus, modeling a higher fidelity
simulator is a solid approach.
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