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Abstract— Many robotic systems rely on visual sensing to
accomplish simultaneously the tasks of state estimation, map-
ping, and path planning. One one hand, the usage of camera
sensors represents a power-efficient and lightweight option for
solving this problem. On the other hand, these tasks pose
requirements on the quality of the visual input (e.g. number
of tracked features for Visual Odometry) that are often in
contrast to the optimal viewpoint planning for local mapping
and obstacle avoidance. Dealing with this constraint is actively
researched in the field of perception-aware planning. The
approaches delivered by this field mostly concern Micro air
vehicles (MAVs), but could be applied to a larger group of
robotic systems. We propose a perception-aware trajectory
planner for a class of robotic systems that can orient their
cameras independently from their direction of travel. By using
motion primitives, our planner does not require differentiable
models for motion and perception objectives. We evaluate
our method in simulation, showing increased capabilities in
localization-aware motions around obstacles, and demonstrate
its run-time capability on a real planetary rover. The code is
released publicly under github.com/DLR-RM/palp.

I. INTRODUCTION

In order to perform tasks using full or partial autonomy,
robotic systems need to plan paths to reach target loca-
tions, as well as estimate their state, e.g. their pose with
respect to an arbitrary frame. Vision-based state estimation,
by means of Visual (Inertial) Odometry or Visual SLAM
algorithms, often require images densely and evenly pop-
ulated with features. On the other hand, towards effective
avoidance of obstacles and efficient traversal, path planning
algorithms require coverage of the environment ahead of
the system, in the direction of motion. This problem is
addressed by perception-aware planning algorithms, which
maximize perception- and motion-related objectives towards
enhancing reliability for autonomous systems in perceptually
challenging environments (see Fig. 1)

Most of these localization-aware algorithms have been
developed for micro air vehicles (MAVs), especially quad-
copters, with a camera fixed to their body frame. These
systems offer one degree of freedom between their body
orientation and their body’s translational motion. More pre-
cisely, they can control their body’s yaw angle, and therefore
camera orientation along yaw, independently of their linear
motion. Many perception-aware algorithms for MAVs plan
trajectories for the flat outputs [1] of translational motion
and yaw orientation [2], [3], [4], [5], [6], [7], [8], [9]. By
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Fig. 1: A planetary rover traversing low-contrast gravel that
provides few features for visual navigation. Features (black
to white boxes for low to high feature density) are mostly
aggregated along the high-contrast ridge between floor and
gravel. A perception-aware trajectory is planned over the
combined motions for body (pink line) and actuated camera
orientation (pink arrow indicates viewing direction at the end
of the planned body motion).

leveraging the capability of free camera orientation, these
robots can fully utilize their sensing and motion abilities in
the context of perception-aware navigation. This differs from
planning solely for translational motions, where the camera’s
yaw orientation remains fixed to the direction of travel [10].
More specifically, the additional degree of freedom in plan-
ning offers increased abilities in negotiating perception and
motion objectives, e.g. tracking features used for localization
while circumventing obstacles. For the remainder of this
paper, we use full body motions when referring to planning
for the combined states of body motion and camera motion.
In contrast, when fixing the camera orientation to the robot’s
motion, we refer to body only motion.

For autonomous navigation in unknown environments,
few works consider the application of full body perception-
aware planning on other robotic platforms that offer full
body motions, such as planetary rovers [11]. The generalized
problem of full body perception-aware trajectory generation
thus involves search over the combined degrees of freedom in
body and camera motions. Solutions to this problem consider
both motion objectives based on visual information gathered
along the path.

We propose to evaluate motion primitives of the combined
camera and body dynamics as a full body perception-aware
trajectory search problem. Our objective is to formulate a
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trajectory planning algorithm for perception-aware full body
motion applicable to various mobile systems. Using full
body motion primitives for camera orientation and body
motion allows translating this algorithm to a large group of
autonomous robots and tasks, as dynamics and cost functions
can be modeled without the need for differentiability. We
apply our solution in simulation on an MAV and in real-
world experiments on a planetary rover. To the best of our
knowledge, this displays the first time that perception-aware
trajectory search based on motion primitives is done for the
combined states of robot body and camera orientation.
At the core, our contributions are

« the design of a perception-aware trajectory planning
algorithm that can be deployed on a broad range of
autonomous robots

« the design of a motion planner for camera orientation
and body motion to negotiate the needs for perception
and motion in navigation on mobile systems

o evaluating our approach in simulation, showing the
benefits for the accuracy of state estimation, and demon-
strate its deployment on a real robot.

The rest of this paper is structured in the following
manner. Section II reviews related work. In Section III
we describe our algorithm of perception-aware full body
trajectory planning for a generalized robotic system. The
algorithm is demonstrated with experiments in simulation
on an MAV and on a real-life planetary rover in Section I'V.
Finally, we draw conclusions and provide an outlook on
future works in Section V.

II. RELATED WORK

Receding horizon planning facilitates real-time responsive-
ness for mobile robots navigating unknown environments by
continuously updating trajectories based on current sensor
data, ensuring safe and efficient navigation amidst dynami-
cally changing surroundings.

Perception-aware trajectory planning for MAVs is exe-
cuted in a receding horizon fashion while evaluating local-
ization objectives [10]. To achieve real-time responsiveness
in navigating an unknown environment, a local solution is
recomputed at a predefined rate for a limited time horizon.
Additionally, feature quality for localization is considered
in terms of motion-blur [2] and semantics [3]. Perception-
aware trajectory planning is employed to discover unknown
obstacles along the path to allow for fast flight in [4], and
a known set of visual features is kept in the camera view
while following a path in [5]. In [6], an MPC framework is
used to keep a point of interest in the camera centre. Active
tracking of dynamic obstacles is done in [7]. Perception-
aware trajectory planning is used as sub-component for
fast [12] and uncertainty-aware [8] exploration and surface
reconstruction [9].

The approaches [3], [4], [5], [6], [7], [8], [9] plan over
full body trajectories, i.e. decoupled direction of travel and
camera orientation. In contrast [10], [12] align the camera
orientation with the direction of travel and [2] orients the
camera to face the goal location. These approaches with

fixed camera orientations limit the capabilities to negotiate
localization and motion objectives.

Only very few perception-aware trajectory planning algo-
rithms are developed for platforms other than MAVs. In [11],
a plan for the camera mast orientation of a planetary rover
is created. This approach takes a given body trajectory as
input and, therefore, does not plan for the combined system
of robot body and camera. To the best of our knowledge,
there are no perception-aware full body trajectory planners
for other platforms than MAVs.

Application on multiple robotic platforms is considered by
[13] by designing a risk-aware planner to work across mul-
tiple ground-based systems. [11] reasons that their camera
orientation planner can also be adapted to other platforms
beyond planetary rovers, that can move body and camera
orientation independently. The software stack design signifi-
cantly influences cross-platform portability, with a focus on
mitigating platform specificity through the incorporation of
modular design principles [14]. In line with this reasoning,
end-to-end approaches [15] do not translate well to our
design goal of deployment on a large group of systems.

Model based approaches solve the trajectory planning
problem either by optimization or sampling. The authors of
[31, [4], [5], [6], [7] chose to solve the problem by using an
optimization approach. This requires robot dynamics, obsta-
cle avoidance, path following, and perception objectives to
be expressed as differentiable functions. Sampling-based ap-
proaches do not have this requirement and thus provide more
flexibility in formulating the trajectory planning problem,
therefore making it adaptable to various robotic systems and
cost functions. Though run-time performance of sampling
decreases with a growing number of degrees of freedom to
explore, their computational demand is well controlled by
the number of evaluated trajectory candidates. This makes
them particularly well suited for our application in online
trajectory search for autonomous systems navigating through
unknown environments. Therefore, the results of sampling-
based solutions [10], [2], [12], [8], [9], [11] are of special
interest to our work.

III. PERCEPTION-AWARE FULL BODY TRAJECTORY
PLANNING

This section introduces our algorithm to tackle the
challenge of perception-aware trajectory planning for au-
tonomous systems with degrees of freedom in both body
motion and camera orientation. Our approach is based on
motion primitives. The underlying trajectory generators are
system-specific and explained in more detail in Section IV.
The evaluation of candidate primitives is generalized and
explained in Section III-C. For our algorithm, we assume
that a feature-based visual odometry (VO) is used for state
estimation. The features tracked by the VO are integrated into
a feature map. In the experiments in Section IV we chose
to represent the feature map as a rolling OctoMap [16] that
stores the amount of its integrated features per voxel. This
representation removes multiple observations of the same
features, by low-pass filtering the amount of features per
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voxel on every integration of a new camera view. For the
remainder of this paper, a feature refers to a voxelized feature
in the feature map. The size of this robot-centric map can be
limited to the expected distances of features used for state
estimation.
A. Notation

The robot’s full body state x(t)s, is composed of the
independently controllable states for body pose x,(¢) and
camera orientation X.(t), ie. x(t); = [ xp(t) x.(¢) ]7.
A trajectory p over discretized planning time steps ¢; from
initial time Zo to final time ¢ is expressed as

p(ts) = [ xp(t:) %pu(t:)]" Vti € [to, ... tg]. (D)

For simplicity, when a variable or function depends on
the robot state at a given time step, we express this with a
dependency on that time step only.

B. Full Body Trajectory Generation

Full-body trajectory planning is performed in a two-stage
approach. First, a set of body trajectories is generated and
evaluated on motion objectives given in Section III-D. Sec-
ond, a set of camera trajectories is added to each collision-
free body trajectory and scored on perception objectives,
as described in Section III-E. The resulting perception-
aware trajectories for the combined system of robot body
and camera are shown in Fig. 2. The underlying trajectory
generators are system-specific and explained in more detail
in Section IV.

Fig. 2: Full-body trajectories are generated by augmenting
collision-free body primitives (solid line trajectories are colli-
sion free, dashed lines indicate trajectories where the robot’s
bounding box is in collision, red area is an obstacle) with a
set of camera motions (arrows indicate camera orientation,
and an example of camera frustrum is shown by a dotted
blue triangle).

C. Full-Body Trajectory Evaluation

Full-body trajectory candidates are evaluated by the sum
of multiple costs for body motion and perception objectives.
In total, we consider the costs for progression towards
the goal (cgoq1), Obstacle distance (cps), co-visibility of
features across initial and final robot states (c., ), and camera

alignment towards the direction of travel (cqign). Thus, the
total cost ciorq; Of a trajectory p is given by

Ctotal = Z (Cgoal + Cobs + Cev + Calgn) . (2)
P

This set of cost functions, inspired by [10], covers the min-
imal functionality for a goal-reaching task on autonomous
system using perception. The additional cost cq4, for
aligning robot motion and camera is required due to the
added degrees of freedom between robot body and camera
orientation. Other costs, like tracking error to a global path or
control effort, could be added as additional terms if required.
All costs are formulated as barrier functions, whereby each
cost incrementally adds a marginal penalty within a defined
range of inputs. Beyond this range, the barrier functions
grow rapidly. By adopting this approach, we can identify
a parameter set that effectively balances the competing de-
mands of individual cost functions. For instance, in feature-
rich environments, the localization cost should not dictate
the robot’s trajectory concerning obstacle avoidance, or goal
progress should influence the robot’s behavior less if it is far
away from the goal.
D. Cost of body motion

Goal progress: In a long range navigation task, the cost
for goal progress should not dictate the robot’s immediate
behavior ignoring localization objectives. Thus, we adopt
the goal progress from [10] and reformulate it as a cost,
computed as

b dlt dgoal Faoat 3
Cgoal = Ogoal (f) (d(to)) ( )
where d(ty) and d(ty) are the goal distances between the
current position and the planned trajectory’s end position,
respectively. The constants bgoqa1, dgoar, and kgoqr form the
cost function and are required to be > 0. Fig. 3 shows the
goal progress cost from eq. 3. This cost function contributes
more to the robot’s behavior when the the robot is closer to
the goal.

Obstacle distance: The cost for obstacle distance asso-
ciates the summed cost over vertices V; in the robot’s
bounding box V (see Fig. 2) along the trajectory

dops )kobs
obs = bobs TNy 72 4
Cons = bovs 20, (d(vjm)) @

where d(V;(t;)) is the L? distance of vertex V; to an obstacle
at sampled pose p;. The barrier function c.ps is shaped by
constants byps, dops, and kops, all being > 0. Here, the barrier
parameter d,ps signals an obstacle distance that should be
maintained. Fig. 3 displays the obstacle cost for various
values of dps.
E. Perception objectives

Co-visibility: The authors of [17] propose co-visibility of
features along a trajectory as a localization objective, i.e.
features remain consistently visible within the camera’s field
of view across consecutive planned views, thereby enhancing
the accuracy of state estimation. We compute the visible
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Fig. 3: Cost of body motion. Top: Goal progress cost function
over d(to), with d(t¢) = d(to), bgoar = dg_olal, and kgoqr = 4.
Bottom: Obstacle cost over distance between a corner in the
robot’s bounding box to obstacle d(V;(t;)).

voxelized features F(to) at the current state and at the
trajectory’s final view F(¢). The amount n(t ;) of co-visible
features is given by

nlty) = Y npYfi € Fto) 0 Flty), 5)

where ny, is the number of features integrated in the co-
visible voxel fj. The co-visibility cost is then computed as

kev
Ny
v = b v | TN .
fov =0 <n(tf)) ©

The constants b, n.,, and k., are all > 0. Rationale is,
Ney 1S an amount of features that is required to be tracked
along the trajectory for successful state estimation. If the
number of features n(t;) is lower than n.,, the cost grows
quickly.

We assume overlap between the initial and final field of
view, and we check co-visibility between the current state
and the final state of a candidate only. This in turn allows
to increase the amount of explored full-body primitives. For
systems with more aggressive motions or longer trajectories,
additional poses along the trajectory need to be checked for
co-visibility.

Camera alignment: We assign a cost cqy4y for aligning the
camera orientation v(t;) with the direction of body velocity
Xp

_ L o(t:) 'Xb(tz')>k““’"'
Calgn balgn ; ((balgn arccos “Xb(tz)H s
(N

where ¥(t;) = f(xy) has unit length and is a function of the
full body pose. Constants Caign, Paign and kqign are > 0.
The parameter ¢,; is determined by the camera’s field of
view. If the body moves within the field of view, this barrier

function contributes a small cost, and a large cost otherwise.

|
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Fig. 4: Overview of the navigation stack.

IV. EXPERIMENTS

The portability of the proposed method across autonomous
systems is a key focus of this research. In the following
experiments, we evaluate it using our robot simulator [18]
and demonstrate its implementation on a real planetary rover
[19]. The systems operate in an unknown environment,
and trajectory planning is performed in a receding horizon
manner. All experiments in simulation run the same modular
navigation stack, shown in Fig. 4. The state-estimation differs
from our typical setup by purely using VO instead of visual-
inertial odometry (VIO). We do so to evaluate purely the
effects of visual input, i.e., poor perception quality directly
affects the state-estimation as no IMU data is integrated to
stabilize the estimation. However, all experiments could have
been performed with a VIO setup. For demonstration on
the real rover, state-estimation is based on VIO and wheel
odometry.

As a starting point for our perception-aware implementa-
tion, we employ the perception-agnostic trajectory planner
of the ROS navigation package [20] for the robot’s body
motion. We chose this planner as it is designed to be executed
in a receding horizon environment and utilizes ROS as
middleware [21] as we do in our systems. Additionally, we
use ROS’s rviz for visualization.

For the simulation experiments, we compare the proposed
full-body planner based on motion primitives to its counter-
part from [10], which plans for body motion only and aligns
the camera orientation to the direction of travel. Comparing
to other active methods is hard due to the lack of approaches
that assess active vision systems [22], and very scarce open
source code availability.

A. Execution on a Simulated Planetary Rover

In this experiment, we test our approach in a simulation
of the lightweight rover unit [19] to navigate along a rocky
outcrop in a feature-light desert. Sandy rubble accumulated
along the outcrops foot and forms an obstacle. In this
experiment, a perception-aware planner must manage the
distance to the obstacle at the base of the rock face while
directing its focus towards the features on the rock surface.
The experiment setup is shown in Fig. 5.

We perform trajectory planning of the robot’s body in a
3-dimensional subspace and denote the body pose as x, =
[y 0]7. The orientation of the actuated mast camera unit
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is given by x. = [ ¢ ]. We construct the full-body pose as
xsp = [ xp Xc |7 A set of collision-free body trajectories is
generated by sampling over accelerations in = and 6. Next,
we sample over accelerations in the camera’s ¢ orientation
to dynamically generate a set of feasible camera motions.

Fig. 5: Simulation of a planetary rover traversing a feature-
deprived desert. Left: The rover strides along a rock face
with sandy talus. Right: Visualization of feature density and
mapping. Visual features only exists on rock. White dots
show currently visible features, and grey boxes visualize the
integrated feature map.

Fig. 6 shows the resulting robot paths for varied initial
conditions. A total of nine trajectories were generated by
executing full-body movements with our approach (blue lines
in Fig. 6); eight of them successfully navigate along the
rock face. Conversely, nine trials were generated with the
camera oriented along the direction of travel (red lines in
Fig. 6); all fail in this experiment, see Table I. While the
full-body planner accomplishes this by adjusting the camera
orientation, the body-only planner must maneuver closely to
the obstacle to maintain visibility of features at the edges of
its field of view. Two error scenarios arise for the body-
only planner. Firstly, it may fail to find a new collision-
free trajectory. Secondly, the state estimation diverges due
to the absence of visual features, resulting in the termination
of trajectory planning when the estimated initial planning
position is within an obstacle.

B. Execution on a Simulated Hexacopter

We examine the suitability of our trajectory planner for
implementation on a a MAYV, testing it in a simulation of the
ARDEA hexacopter [23]. Within the MAV’s operating en-
vironment, features predominantly exist on the rocky terrain
and obstacles, as illustrated in Fig. 7.

Trajectory planning for the MAV body is done within a
2D subspace, maintaining a fixed height. The robot pose is
denoted as x, = [ = y ]¥. The orientation of the camera
unit is determined by the MAV’s yaw rotation, represented
as X, = [ 1 |. We synthesize the full-body pose within
the local subspace as X, = [ X, X, |7. Since our motions
are conservative, we neglect the camera’s motions in roll
and pitch that are introduced due to the MAV’s kinodynamic
constraints for perception-aware planning.

Trajectories p(t;) = [ Xs(t;) Xsp(t;) |7 are generated
for the MAV by sampling over accelerations X (¢;). Prop-

Full body
Body only

Fig. 6: Robot paths for full-body (blue lines) and body-only
(red lines) planning along a rock face towards a goal region
(star). Triangles show the robot’s view at a sample along the
path. The body-only trajectories stay close to the obstacle to
keep its features in the field of view. The full-body planner
tracks features by by orienting its camera towards the rock
face, allowing it to keep a larger distance to the obstacle.

Fig. 7: Execution on a simulated hexacopter: (a) Test en-
vironment for navigation with an MAYV, with feature-rich
obstacles. (b) Visualization of feature mapping. Features do
not exist on sand. Grey boxes represent the integrated feature
visible on the rock surface.

agating these accelerations yields the final states p(ts) of
the planned trajectory. The interpolation between the initial
and final states is computed by generating intermediate states
along the trajectory candidate p(t;), following the approach
in [24]. To compare the full-body planner, we create a body-
only planner for which the camera’s orientation is aligned
with the body motion.

For this experiment, our focus lies in investigating how
the perception-aware planners navigate the trade-off between
obstacle distance and visual objectives across a diverse range
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of initial and final conditions. The paths resulting for varied
initial and end positions are shown in Fig. 8. The blue
and pink runs are especially demanding, since the goal is
on the back of an obstacle in the feature-deprived sandy
environment.

“ @

Fig. 8: The trajectories of the robot for both full-body (solid
lines) and body-only (dashed lines) planning are illustrated as
they navigate a feature-light environment towards designated
goals (stars). Lines of the same color are associated to the
same start and goal conditions.

For pairs of start and goal locations, we compute obstacle
distance and state-estimation error as metrics for the motion
and perception objectives, respectively. The challenging blue
and pink paths are excluded from evaluation, since the body-
only planner did not approach the goal, whereas the full-body
planner did, see Table I. The body-only trails were stopped
once no features present on the obstacles were co-visible
in the current planning cycle. This criterion is based on the
incapability to recover these features with a local trajectory
planner. For completeness, we also add the statistics for
the full-body planner over all trials. In total, the full-body
planner approaches the goal in all nine trials, while the body-
only planner fails in two out of nine runs.

TABLE I: Successful runs out of nine trials in simulation
experiments.

Experiment Full-Body  Body-Only
Simulated Rover 7 0
Simulated Hexacopter 9 7

The minimum obstacle distance d,,;, is given as the
smallest distance of any vertex in the robot’s bounding box
during a single trial, with statistical values for average d.,;n,
and standard deviation o (d,,). The results for d,,;, are

N Body only | 400
N Full body

I Body only
N Full body

200

Frequency

0.0 0.1 0.2 0.3 0 25 50 75 100
Translational error Ad [m] Rotational error A© [°]

Fig. 9: Frequencies for translational error Aj and rotational
error A over segments of 1 m.

shown in Table II. For comparison, the barrier experiments
parameter in Eq. 4 is d,ps = 0.5m. We can observe an
increase in min(d,y,;,) and dpmin for the full-body planner
compared to its counterpart with body-only motions. This
increase is mostly correlated to the green, yellow, and red
trials. In these tests the body-only planner has to choose a
trajectory close to an obstacle to maintain the features present
on the obstacle at the edges of the field of view. The full-body
planner navigates around these obstacles at a larger distance
by orienting its camera towards the feature-rich obstacles.
For the cyan and lime green trials, the two planners produce
highly similar paths. This effect is due to the abundance of
features along the paths. In these cases, the co-visibility cost
function returns low values and therefore does not dictate the
robot’s movement.

TABLE II: Statistics for minimum obstacle distance d,,,;n,

Test mln(dmzn) [m] dmzn [m] U(dmzn) [m]
Full-body 0.65 0.70 0.03
Body-only 021 053 0.17

Full-body (all) 0.34 0.63 0.13

As metric for state estimation we compute the translational
error AJ and rotational error Af over segments of 1 m along
the trajectory. We compare the state estimation proficiency of
the full-body and body-only planners based on the average,
mean, and standard deviation of Ad and A#6.

The errors in translation A§ and error distribution are
highly similar for the full-body and body-only trials, see
Table III. The errors in rotation A# show lower values
in o(Af) for the full-body planner, see Table IV. This is
attributed to higher frequencies in large errors in A# for the
body-only planner, which have only small effects on AB, see
the histogram in Fig. 9.

The results on the motion metric min(d,,;,) and percep-
tion metric A6 and Ad suggest that the full-body primitive-
based trajectory planner performs better in negotiating the
competitive demands in challenging trials.

C. Experiment on a real Planetary Rover

We deploy the developed algorithm on a planetary rover
[19]. The robot used in this experiment is equipped with
an Intel (R) Xeon(R) W-11865MLE processor and 62
GB of RAM. The trajectory planning algorithm is executed at
10 Hz. For this experiment, we integrate VIO data to provide
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TABLE III: Statistics on translational errors Ad

Test AS[m] AS[m] o(AS) [m]
Full body 0.04 0.04 0.02
Body only 0.04 0.03 0.03
Full body (all)  0.04 0.04 0.02

TABLE IV: Statistics on rotational errors A6

Test A0 [°] AO[°]  o(A0) [°]
Full body 0.76 0.89 19.91
Body only 17.56 1.12 34.20
Full body (all)  7.18 0.98 19.80

a high-frequency, smooth, and robust state-estimation on the
real system.

In this lab environment, shown in Fig. 1, features are
mostly accumulated at the junction of floor and gravel. The
navigation goal is a point ahead of the rover, across the
feature-deprived field of gravel. The resulting path after exe-
cuting the full-body trajectory planner in a receding horizon
fashion is shown in Fig. 10. The robot progresses towards
the goal while circumventing an obstacle. Comparable to
the outcomes observed in our simulation experiments, the
planner orients its camera towards the feature-rich region at
the border of the gravel.

Fig. 10: Top down visualization of the environment shown
in Fig. 1, where features are mostly detected at the edge be-
tween gravel (dark area) and floor (light area). The resulting
path of a goal reaching task using a full body perception-
aware planner, consisting of the body path (pink line) and
camera orientations (pink arrows).

V. CONCLUSION

In this paper, we proposed a perception-aware trajectory
planner that searches over the combined body and camera
states. To make the algorithm applicable to a large group
of robots, we design it to use motion primitives as candi-
dates for the trajectory generation. The autonomous systems
considered for our method employ a modular navigation
stack that integrates feature-based V(I)O measurements for
state estimation. We demonstrate the developed algorithm’s
effectiveness and portability by deploying it on an MAV and
planetary rover, both in simulation and in the real world.

Our experiments show improved perception-aware motion
capabilities for the full-body planner when compared to a
baseline planner with a camera fixed to the body motion.
This effect is especially pronounced in difficult situations,
where obstacle avoidance and feature tracking demands com-
petitive actions for the body-only planner. The outcome is a
higher success rate for our proposed full-body planner. For
navigation in feature-rich environments, where the full-body
planning capability is not required, our proposed algorithm
yields highly similar paths to its body-only counterpart.
This is credited to the barrier-like formulation for all costs,
enabling negotiation and tuning of competing behaviors
introduced by individual cost functions.

The proposed algorithm perceives its environment towards
the goal by posing an alignment cost between body velocity
and camera orientation. This choice, however, may lead to
situations where the robot either moves towards unmapped
terrain or a sufficient amount of features is not visible during
motion. These risky behaviors can be reduced by increasing
the gain for camera alignment. Nevertheless, this mitigation
approach has its limitations, and aligning the camera restricts
the robot’s full-body motion capabilities. Future work could
consider replacing the alignment cost c4;4, With a behavior
that actively and safely explores the environment.

The quantitative results presented in this paper are based
on comparison on a limited number of scenarios. Especially
the interaction between the competing cost functions for
tracking known features and exploration could be studied
by more variation in tested environments. Furthermore, the
benefits of increased state-estimation accuracy, when com-
pared to the base line body only perception-aware planner,
could be proved in more experiments on a real robot.
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