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Abstract— In this paper, we focus on improving planning
efficiency for ground vehicles in navigation and exploration
tasks where the environment is unknown or partially known,
leading to frequent updates of the navigational goal as new
sensory information is acquired. Asymptotically optimal motion
planners like RRT* or FMT* can be used to plan the sequence
of actions the robot can follow to achieve its current goal.
Frequent replanning of the whole action sequence becomes
computationally demanding when actions are not executed
precisely because of limited information about the foreground
terrain. The decoupled approach can decrease the computa-
tional burden with separated path planning and path following;
however, it might lead to suboptimal solutions. Therefore, we
propose a novel approach based on generating a reusable
reward function that guides a fast sampling-based motion
planner. The proposed method provides improved results in
navigation scenarios compared to the former approaches, and
it led to about 7% faster autonomous exploration than the
decoupled approach. The present results support the suitability
of the proposed method in navigation tasks with continuously
updated navigation goals.

I. INTRODUCTION

Efficient autonomous navigation of ground vehicles is
essential in various application scenarios. The herein-studied
approach is motivated by scenarios where only limited
information about the foreground terrain is available, such
as exploration missions or navigation, avoiding uncontrolled
elements like pedestrians or other vehicles. In these scenar-
ios, the whole vehicle’s trajectory cannot be precomputed in
advance or finalized in a significant period before the end of
the mission since the navigational goal or collision-free path
is continuously changing. Thus, the robot’s trajectory needs
to be adjusted each time the goal is changed, or the current
trajectory becomes unfeasible.

Two main categories of trajectory planning approaches can
be found in the literature. The first category contains motion
planning, which directly plans a sequence of actions leading
to the updated navigational goal [1]. Direct planning can be
demanding, especially when the robot moves fast and there is
high uncertainty in executing the action that requires frequent
replanning. Therefore, the second approach is to decouple
planning a sequence of directly executable actions into path
planning and path following.
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under research project No. 22-05762S and by the European Union under
the project ROBOPROX - Robotics and advanced industrial production (reg.
No. CZ.02.01.01/00/22 008/0004590).

Fig. 1. The proposed reward-field guided motion planner uses local
trajectory to predict the effects of the planned actions. The reward function
generated during the first step of the algorithm covers the expected (and
currently known) navigation corridor within the vehicle sensory range. Then,
the reward function is used in motion planning to select the sequence of
actions (local trajectory) directly steering the robot’s motion.

Decoupling is used in exploration [2], where a plan to
the continuously updated goal location is planned first using
a low-fidelity robot model. Then, a path-following algorithm
is used with a high-fidelity robot model to generate a se-
quence of actions that steer the robot to follow the planned
path as precisely as possible. Since the demanding high-
fidelity model is employed only within the course of the
planned path, the decoupled approach is less demanding than
direct planning of the sequence.

In this paper, we argue that a decoupled approach with
path planning and path following might lead to suboptimal
performance, not to mention the necessity to tune the tradeoff
between the precision and speed of the path following. Be-
sides, we further studied the hypothesis that even the optimal
sequence of actions for each navigational goal might not
lead to the best possible performance when the navigational
goals are changed during the course toward the final vehicle
destination. We propose a novel motion planner to validate
the hypotheses by empirical evaluation in navigation tasks
with a real robotic vehicle.

We propose a novel planner that operates in two steps to
test the raised hypotheses. First, a reward function covering
the corridor between the current robot location and the given
goal is generated. Then, the reward function guides the
growth of a random-sampled tree of actions toward the goal,
generating a local trajectory for the robot. The principle of
the method is summarized in Fig. 1.

The method advantage is that the reward function and
motion plan can be updated separately. It can save computa-



tional resources and allow frequent updates, especially when
the action execution is not precise, and the local trajectory
needs to be recomputed; the previously generated corridor
can be reused. Besides, a relatively short planning horizon
can be used in the motion planning step. Since the trajectory
is recomputed in every planning iteration, it is unnecessary to
reach the final goal by the local trajectory, which decreases
the computational burden of the motion planning step.

The real performance of the proposed solution is compared
with existing approaches, and the empirical results support
the method’s advantages. We consider the following main
highlights of the proposed method.

• A novel randomized sampling-based motion planning
method that allows fast recomputation of the robot
trajectory and thus supports corrective actions when
execution of the plan is not precise.

• The proposed method avoids decoupling path planning
and path following to improve the efficiency of the
mission execution.

• It balances greedy behavior when the given navigation
goal is far and close-to-optimal behavior when the robot
approaches the given goal. The results show that bal-
ancing is beneficial for autonomous exploration, where
navigation waypoints are often changing as obstacles
are continuously revealed during the mission.

The rest of the paper is organized as follows. The
motion planners and path-following approaches utilized in
relevant navigation scenarios and exploration missions are
overviewed in Section II. The studied problem is specified
in Section III. Because the planning requirements come from
the exploration framework, it is summarized in Section IV.
The proposed motion planner is described in Section V.
Evaluation results from simulated and real-world experimen-
tal deployments are reported in Section VI. The concluding
remarks are summarized in Section VII.

II. RELATED WORK

The studied motion planning problem is motivated by
autonomous robot navigation, where navigational goals are
transformed to control actions applied to reach the goal
location. The most straightforward approach is to use motion
planning, which directly plans the robot’s motion in its
action space. Lattice-based planning methods use explicitly
discretized representation [3], such as state lattice [4] to
generate feasible smooth paths, including lane changes and
merging between vehicles [5], such as [4], to generate fea-
sible smooth paths for a rover. Randomized sampling-based
methods such as RRT and RRT* use geometrical and vehicle
dynamics models to directly generate a sequence of actions
by applying possible actions and simulating the vehicle
motion to grow a roadmap to reach the goal location [6].

Although improved methods have been proposed to ad-
dress the high computational requirements of the sampling-
based methods, such as FMT* [7] and BIT* [8], the meth-
ods are suitable for systems where the planned sequence
of actions can be reliably executed [8]. It is because the
trajectory needs to be replanned whenever an action is not

executed with sufficient precision or its effect differs from the
expectations. It might happen for ground robots, specifically
for tracked and skid-steer platforms, where the effects of the
executed actions strongly depend on the surface on which
the vehicle moves [9]. Hence, frequent sequence replanning
is needed, which can be very demanding for long sequences
or complex vehicle models.

Contrary to the methods mentioned above, decoupling
methods split the problem into path planning with a sim-
plistic robot model and path following (tracking) that allows
fast replanning of long sequences of actions or quick updates
of the actions, which is beneficial for fast-moving vehicles.
Decoupled collision-free planning and path following are
reported to be employed in autonomous driving systems [10],
[11]. Such locally planned paths can be tracked by control
techniques designed for moderate driving conditions with
kinematic models, such as the Single-Track (ST) model (bi-
cycle model) [12]. However, these kinematic models assume
that wheels do not slip.

The Pure Pursuit controller [13] is one of the earliest
approaches built on the simple kinematic model that has
been deployed in various applications, including the DARPA
Grand Challenge [14] and the DARPA Urban Challenge [15].
Improved controller performance is reported for methods
that use the front or rear wheel position for generating
the control feedback, specifically when the curvature of the
reference tracked path is non-zero [16]. Nevertheless, the
Stanley lateral controller with front wheel feedback is used
by the DARPA Grand Challenge winning team [17], and its
deployments have also been reported recently in [18].

The decoupled approaches are also used by the teams
within DARPA Subterranean Challenge (SubT) [19], where
the navigation is performed in unknown environments as
a part of the exploration mission, thus, with frequent re-
planning. The path following methods used in SubT include
the Model Predictive Control (MPC) [20] frameworks, where
the optimal sequence of control actions is planned for a
relatively short time horizon. In MPC-based control, the next
best sequence of actions is planned from which the first
action is applied; then, the sequence is recomputed again to
obtain the next action. MPC-based following of local plans
has been successfully deployed by the CoSTAR team [2] for
legged robot navigation in uneven terrains. Path following
with a look-ahead point at the fixed distance from the robot
has been used by the teams MARBLE [21] and CTU-CRAS-
NORLAB [22]. In that approach, velocities applied to the
robot control are generated, so the heading is steered to the
look-ahead point.

The decoupled method is also reported to be used in
autonomous racing, where the raceline can be determined
in advance of the race [23] using optimization techniques to
minimize time [24], energy [25], or maximize velocity [26].
Local planning or tracking of the raceline for a horizon
with a fixed length is then used for navigation during the
racing. Graph-based local planning with precomputed action
primitives to avoid obstacles is used in [27], and the usage
of RRT* is reported in [28].



Although the decoupled approach is prevalent in the re-
ported deployments, including autonomous driving systems,
we argue it is possible to couple path planning and path
following to opt for increasing the effectiveness of navigation
while keeping the advantages of the decoupled method.
Based on the literature review, we selected representative
methods from both approaches for comparison with the
proposed method. Direct methods are represented by the
RRT* motion planner selected to compare the performance
with the asymptotically optimal sampling-based method that
directly determines the sequence of actions. The method
denoted as the Decoupled approach in the reported results
is represented by an A* path planner used for path generation
using a simplified robot model combined with a look-ahead
follower. In particular, we selected the method of steering
the robot to the look-ahead point used in [21], and [22].

III. PROBLEM SPECIFICATION

The addressed navigation task is to drive a robot from its
current pose st to the given goal location q characterized by
the position in a plane (x, y) ∈ R2. The robot configuration
(pose) st = {xt, θt} at the time instant t is characterized by
the robot pose consisting of the robot position xt = (x, y)
in a plane xt ∈ R2, and its orientation θt ∈ S. The robot is
controlled by a sequence of actions ui from the robot action
space A, where each i-th action is a pair of the magnitude
of forward vfw and angular vang velocities. The planning
problem is to determine a sequence of actions to reach the
goal q from st in the shortest time possible.

It is assumed that for motion planning, a traversability map
capturing obstacles is available for every time instance t,
such that for a given robot configuration st, it returns
a binary value reflecting if the robot can reach the location
corresponding to st.

IV. AUTONOMOUS EXPLORATION

The primary motivation deployment scenarios of the
studied motion planning problem are exploration missions,
where the navigational goal changes based on the mission’s
progress and where other algorithms may use computational
resources saved by navigation to improve the overall per-
formance. We consider the autonomous exploration scenario
described in [29], where the robot starts with no information
about the environment, then the robot continuously identifies
new exploration waypoints, towards which the robot is
navigated to collect information about the environment by
its sensors. In [29], the exploration mission ends after the
robot explores the whole environment.

We provide a summary of the exploration framework [30]
used in Section VI, for which we aim to improve its
navigation performance by the proposed motion planner. The
architecture of the framework is depicted in Fig. 2. The
3D LiDAR captures scans at 10Hz, which are used for the
SLAM-based localization [31], leading to a pose update at
10Hz. Aligned 3D scans are used to build the 3D map. The
map is then used for traversability assessment based on the
terrain slope and maximum step height [30]. Since the range

of the LiDAR is 35m, the untraversable areas (obstacles)
and new exploration waypoints are mostly identified from
a distance above 5m. For the robot, it would take at least
5 s to reach places at such distance; thus, traversability is
updated at 0.5Hz to save onboard computational resources.
The rate of updating the next navigational waypoint depends
on how long it takes the robot to reach its current waypoint,
which corresponds to 0.05 – 1Hz for the testing environment
reported in Section VI.
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Fig. 2. The architecture of the exploration framework into which the
motion planner is integrated.

The employed motion planner takes the following inputs
with the listed expected update rates.

• The robot’s recent pose is updated at 10Hz.
• The traversability map (trav. map) is updated at 0.5Hz.
• The current navigational goal is updated at 0.05 – 1Hz.

The motion planner output is a sequence of control com-
mands (actions) that are applied to steer the robot until a new
sequence is generated or the final goal is reached.

Regarding the exploration mission, the key performance
indicator is the time needed to explore a specific area.
Thus, the proposed motion planner’s impact on exploration
performance is measured as the time needed to explore
a given area compared to the reference (baseline) motion
planners. Similarly, the time needed to finish the mission is
used to compare the methods in the rest of the navigation
scenarios presented in Section VI.

V. PROPOSED MOTION PLANNER

The proposed motion planner is composed of two parts.
The purpose of the first part is to compute a reward function
used in the second part to guide a randomized sampling-
based trajectory space search. Both parts can run separately,
which saves computational resources by recomputing only
the trajectory or reward function when needed. The planner
structure is depicted in Fig. 3.

A. Reward Function Generation

The reward function r(x,P) is the sum of functions r1 and
r2. r1 rewards the location x ∈ R2 reached by the motion
planner based on how far it can get within the corridor. r2
rewards the reached location based on how close it is to the
current navigational goal. P represents a central corridor line
in which the trajectory toward q should be found. It is a se-
quence of 2D positions P = {pi; i = 1, 2, . . . , n;pn = q}
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Fig. 3. Two parts of the proposed motion planner with the input triggers
to recompute the reward function and sequence of actions. The robot pose is
updated more frequently than the map and goal (see Section IV), and thus,
the reward function is recomputed at a lower rate than the motion planning.

that can be computed in a grid map of the environment.
The reward is calculated as

r(x,P) = r1(x,P) + r2(x,P), (1)

where

r1(x,P) =


max{i|d(pi) < crad} if ∃pi such that

d(pi) < crad

0 otherwise
d(pi) =∥ x− pi ∥,

r2(x,P) =

{
crad−∥x−pn∥

pdist
if ∥ x− pn ∥< crad

0 otherwise
,

(2)
crad is the corridor radius where the reward is precomputed,
and pdist is an average distance of consecutive positions
∥ pi − pi+1 ∥, obtained during corridor central line deter-
mination. The distance ∥ x − pj ∥, pj ∈ P is Euclidean
distance of the robot position x of s = {x, θ} and a position
on the central line P.

A fast planner, such as A*, generates the corridor central
line using a simplistic kinematic robot model. Its computa-
tional requirements are much lower than trajectory planning
in the robot action space with complex robot kinematics
and dynamics constraints. The central line of the corridor
is planned as a conservative collision-free path using grid-
based planning for a point robot and grown obstacles with
maximization of the path distance from obstacles, which can
define the corridor; hence, the name corridor central line.

Fig. 4. Visualization of the reward function r(x,P) for two different
goal locations. The upper case visualizes the sampled reward function for
the navigational goal outside the sensory range. In that case, pviz denotes
the last point of the sensory range at a simplified feasible path (a part of
the corridor central line) to the goal location. In the lower example, the
navigational goal is within the sensory range of the robot. The value of
r(x,P) is normalized independently for each shown case.

Although the obstacles can define the corridor itself, in the
present work, the corridor is further restricted by overlaying
disks centered at the grid-based positions of P and the radius
crad to guide the search during the motion planning. The
reward function is computed only for the part of the corridor
defined by the current robot position and the farthest point of
the central line within the robot’s sensory range. The farthest
point is denoted pviz , but only if the farthest point in the
range is not the goal q. It is because the central line and the
reward function are recomputed whenever the robot reveals
new obstacles (the traversability map is updated). Examples
of the reward function are visualized in Fig. 4.

B. Randomized Sampling-based Motion Planning

The motion planner is employed to find a sequence of m
feasible actions (controls) {ui; i = 0, 1, . . . ,m;ui ∈ A} in
the robot action space A that maximizes the reward r(x,P)
along the sequence

{u0,u1, . . . ,um} = argmax
{u0,u1,...,um}

r(M(st,u0,u1, . . . ,um),P).

(3)
The robot model M predicts the position reached by the

Algorithm 1: Compute the Sequence of Actions.
Input: P – Precomputed central line, M – Robot

model, st = {xt, θt} – Initial robot pose,
r(x,P) – Sampled reward function.

Parameters: crad – Half of the corridor width;
fr – Output update frequency;

Output: {u0,u1, . . . ,um} – Action sequence.

1 g0 ← create init vertex(st)
2 G← init graph by first vertex(g0)
3 while until elapsed(1/fr) do
4 s = {x, θ} ← sample within corridor(P, crad)
5 g ← get closest vert(G, s) // Considering θ.

6 u′ ← generate action(g,M)
7 send = {xend, θend} ←
8 ← simulate action(M, g.state,u′)
9 if is collision free(send) then

10 rs ← r(xend,P)
11 gnew ← create new vertex(send,u

′, rs)
12 gclose ← get closest vert(G, gnew)
13 if considered equal(gclose.state, send) then
14 if gclose.elapsed > g.elapsed+ 1/fr

then
15 G← replace verts(G, gclose, gnew)

16 else
17 G← merge with vert(G, gnew)

18 g′ ← get vertex with highest reward(G)
19 return backtrack action sequence(g′)

robot when it applies a given sequence of actions ui while
starting at the configuration (pose) st. The proposed solution



of (3) is based on randomized sampling-based motion plan-
ning [32]. The proposed algorithm builds a search graph G
using random sampling, summarized in Algorithm 1. Each
vertex of G has the following associated data fields.

• parent – A predecessor of the vertex within the graph.
• elapsed – Time required to execute the sequence, in-

cluding the preceding vertices.
• state – Predicted robot state sj at the vertex.
• action – Control action associated with the vertex.

The reward (1) is precomputed and available when Algo-
rithm 1 is running, which operates as follows.

The graph G is initialized by the current robot state st,
and the algorithm proceeds with the graph (tree) expansion.
At each iteration, a random sample within the corridor
is sampled with the preference according to the reward
function. Then, the closest vertex g ∈ G to the randomly
generated sample is found, also considering the orientation
of the robot θ. Next, the control input u′ ∈ A is generated
toward the random sample. The robot model M is used to
predict the next robot state send when applying u′ from the
state corresponding to g. If the corresponding motion of the
robot from g to send by applying u′ is collision-free, a new
vertex is merged with G (Lines 12–17 of Algorithm 1).

In our case, the algorithm is terminated after a given
timeout defined according to the robot pose update rate
detailed in Section IV, fr = 10Hz. The resulting sequence
is obtained by backtracking the vertex g ∈ G associated with
the most rewarding vertex.

VI. RESULTS

The proposed motion planner has been empirically eval-
uated in real-time simulations and real-world deployments
with the skid-steer robot Husky by Clearpath Robotics,
steered by actions composed of forward and angular velocity.
Its performance has been compared within the navigation
scenario with the RRT* motion planner and the decoupled
approach used in [21], [22]. Due to the computational
requirements of the RRT*, only the decoupled approach is
deployed in the exploration scenario. The parameterization
of the robot and all the methods are identical for the simu-
lation and real-world scenarios, and they are summarized in
Table I. The presented results are structured to simulation
navigation scenarios reported in Section VI-A, real-world
navigation scenarios (Section VI-B), real-world exploration
scenarios (Section VI-C), and implementation comments in
Section VI-D.

A. Simulation Racetrack Navigation Scenarios

Four navigation scenarios S1–S4, with increasing dif-
ficulty, have been created, as shown in Fig. 5. In each
scenario, the robot’s task is to finish the racetrack as quickly
as possible. The provided navigational goal to the methods
is always at the central line of the racetrack. The robot is
simulated using a kinematic unicycle model, where applied
forward and angular velocities are affected by 5% simulation
random error drawn from a normal distribution. Ten trials
have been performed for each scenario and each method.

TABLE I
ROBOT AND MOTION PLANNERS PARAMETERS

Parameter Value

Update frequency of robot controls fr [Hz] 10.0
Robot forward velocity range [m s−1] (−1.0, 1.0)
Robot angular velocity range [◦ s−1] (−40.0, 40.0)

RRT* motion planner
Maximum goal distance on racetrack dsense [m] 6.0

Decoupled approach – Look-ahead follower
Next waypoint minimal distance [m] 0.8
Forward velocity proportional multiplier [-] 3.0
Angular velocity proportional multiplier [-] 1.1
Only turning angular displacement [◦] 35

Proposed method
Sensory range dsense [m] 6.0
Corridor radius crad [m] 1.0
Average distance pdist [cm] 15.0

Average values with the standard deviations of the time to
complete the racetrack are listed in Table II.

Fig. 5. Racetrack navigation scenarios used in the simulated (S1–S4)
and real-world (O2–O4) deployments. The width of the racetrack (shown in
gray) is 2m in all cases. The shown curves denote the paths performed by
the robot in the simulations. The space outside the racetrack is untraversable.
The RRT* and the proposed motion planners exploit the width of the
racetracks as indicated by the shortcuts. In S4, the RRT* switched the
direction of the robot motion to follow the reference path fast and still
be within the racetrack.

TABLE II
TIME TO COMPLETE SIMULATION RACETRACK NAVIGATION SCENARIOS

Motion planning Time to finish the racetrack [s]
method S1 S2 S3 S4

RRT* 74.7±0.6 28.5±0.4 30.7±0.4 26.8±1.1
Decoupled approach 71.4±0.1 27.3±0.1 34.7±0.1 32.7±0.1
Proposed method 69.0±0.3 25.9±0.4 29.2±0.5 24.9±1.1

Results in Table II show that the proposed method yields
the fastest motion in all scenarios. The gap between the
proposed method and reference methods increases with the
increasing difficulty of the scenarios. The RRT* and pro-
posed planner exploit the corridor width to follow the path
fast yet still within the corridor. The decoupled method
maintains relatively high precision of path following, which
leads to worse performance in S3 and S4. Although the
same path planner is used in the decoupled approach and for
generating the proposed method’s corridor central line, the
proposed planner exploits the whole corridor, which results
in better performance than the decoupled approach. In S1
and S2, the decoupled approach utilizes the maximum speed
of the vehicle during the whole scenario and steers only



the heading, which leads to slightly better performance than
RRT*. On the other hand, the decoupled approach performed
worse than the RRT* in more complex scenarios, which is
the effect of the decoupled method’s tradeoff between the
path following precision and time to reach the path endpoint.
The proposed method utilized the maximum speed of the
vehicle during most of the S1 and S2 scenarios. Although it
slowed down several times, it performed better in S1 and S2
than the decoupled approach because of the shortcuts.

B. Real-world Racetrack Navigation Scenarios

The real skid-steer robot Husky has been used for ex-
perimental evaluation in one indoor scenario I1, depicted in
Fig. 6, and three outdoor scenarios O2–O4 that follow the
simulation tracks, see Fig. 5. Each method has been deployed
twice in each experimental scenario. Table III shows the time

Fig. 6. Environments used for the skid-steer robot deployments. The
indoor scenario I1 with a marked center of the racetrack is depicted on the
left. The outdoor environment (right) was combined with racetracks O2–O4
that implement the simulation scenarios S2–S4 shown in Fig. 5.

required by each method to reach the end of the racetrack.

TABLE III
TIME TO COMPLETE REAL-WORLD RACETRACK NAVIGATION SCENARIOS

Motion planning Time to finish the racetrack [s]
method I1 O2 O3 O4

RRT* 19.7±0.2 35.7±0.3 39.4±0.4 32.8±0.1
Decoupled approach 20.3±0.4 36.7±0.1 49.3±0.8 47.4±0.1
Proposed method 17.9±0.1 33.5±0.1 37.7±0.8 28.7±0.5

From Table III, it can be seen that in all outdoor sce-
narios O2–O4, the worst performance is provided by the
decoupled method and the best by the proposed method. In
the indoor scenario, the difference between the performance
of RRT* and the decoupled approach is insignificant, but
the proposed method was still the fastest. Regarding the
results for simulation scenarios S2–S4 and the corresponding
outdoor scenarios O2–O4, which use identical racetracks, the
time to finish the track is significantly longer in real-world
deployment. It is primarily caused by the more slippery
surface in the outdoor area, partially covered by gravel.

The precision of action execution on the gravel signifi-
cantly affects the performance of the decoupled approach.
The correcting actions of the decoupled approach were
executed later than for the RRT* and proposed planners,
which led to worse performance. It is even noticeable for
O2 corresponding to S2, where the decoupled approach
performed worse than the RRT*. The set tradeoff between
the speed and precision of the path following causes the

“delayed” corrective actions of the decoupled approach in
outdoor scenarios. Suppose the tradeoff is set towards faster
corrections of the heading and position. In that case, it will
lead to a bit slower speed and shorter trajectory, which would
perform better in outdoor scenarios. However, such settings
would cause worse performance in indoor scenario I1 and
real-world exploration.

C. Real-world Exploration Scenario

Since the original motivation for the proposed planner
was raised from the exploration, we further deploy the
motion planners in exploring the indoor environment with
the framework described in Section IV. The navigational
goals are frequently updated, so only the decoupled and
proposed methods are examined. The exploration area is
shown in Fig. 7, and the paths taken by the robot during the
exploration are depicted in Fig. 8. The resulting exploration
times and traveled distances are summarized as average
values in Table IV.

Fig. 7. Snapshots from the indoor exploration environment, which is
30m× 35m in size.

TABLE IV
MOTION PLANNERS PERFORMANCE IN EXPLORATION SCENARIO

Motion planning Average exploration Average trajectory
method time [s] length [m]

Decoupled approach 160.4 108.6
Proposed method 149.7 106.8

From the resulting paths depicted in Fig. 8, we can see
that the proposed method provides smoother paths than the
decoupled approach. The advantage of the proposed method
is that planning with a few seconds long horizon rarely turns
the robot with zero turn radius. When the robot is close to
a given goal, using the proposed method, the robot plans its
motion, targeting the exact goal location. However, if a goal
is far from the robot’s location, the proposed method tends
to move the robot greedily toward the end of the corridor,
not targeting the exact goal location, which is the effect of
the proposed reward function. The robot benefits from such
behavior when the goals are often changing since the robot
is not sacrificing fast actions in order to reach each goal
precisely. The proposed method exhibits noticeably faster
exploration and slightly shorter traveled distance than the
decoupled approach, as indicated in Table IV.

The parameterization of the decoupled approach can be
considered its weak point. A proper setting of the path
follower with respect to tradeoff the path following precision
with the robot speed toward the path end is tricky to tune,
especially in exploration, where it is not known when the



(a) Decoupled approach, trial 1 (b) Decoupled approach, trial 2

(c) Proposed, trial 1 (d) Proposed, trial 2

Fig. 8. The robot traveled paths in two trials for each tested method in the exploration scenario. The paths are marked by orange, and dark colors display
the identified untraversable areas.

navigational goal changes or how close the robot would have
to be to the obstacles to uncover the whole environment. The
proposed method avoids such a tradeoff setting by detecting
possible collisions during the motion planning part.

D. Implementation Notes

The proposed method is targeted to be applied within
a complex and computationally demanding system for au-
tonomous mobile robot operation. Therefore, it is imple-
mented as a single thread, saving the resources of multi-core
systems for localization, mapping, and high-level autonomy.
The deployments on the real system have been done on the
Intel i7-8565U CPU.

The collision detection in the motion planning part of
the proposed method has been implemented by indicating
obstacles as negative reward values. Thus, dynamic obstacles
in the environment would decrease the benefits of reusing
the precomputed reward function. Besides, we use relatively
sparse discretization of the forward velocity in the action
space, which yields a relatively high probability of selecting

the maximum robot velocity when possible. Note that even
though the proposed method is shown for generating forward
and angular velocity to steer the robot, the underlying
principles are also applicable to a model with different state
vectors and control inputs.

VII. CONCLUSION

The proposed motion planner is motivated by increas-
ing the performance of decoupled approaches in scenarios
with changing navigational goals by coupling the trajectory
planning with a more explicit consideration of the space
around the path being followed. The main novelty of the
proposed approach is the utilization of the reward function in
motion planning. The proposed method couples local motion
planning and path following into a single method while
still allowing the recomputation of the reward function and
motion planning separately, which supports motion planning
at high rates. The reported results support the feasibility
of the proposed method, which outperforms direct motion
planning based on the RRT* and the decoupled approach.



The proposed method avoids tuning the tradeoff between
the performance and precision of path following needed in
decoupled approaches. Based on the experimental deploy-
ment, the proposed method is viable and provides a feasible
solution exploiting the motion capabilities of the platform.
Furthermore, it improves performance in autonomous ex-
ploration, which was the main original motivation of the
presented work.
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[31] S.-P. Deschênes, D. Baril, V. Kubelka, P. Giguère, and F. Pomerleau,
“Lidar scan registration robust to extreme motions,” in Conference on
Robots and Vision (CRV), 2021, pp. 17–24.

[32] I. Noreen, A. Khan, and Z. Habib, “Optimal path planning using
rrt* based approaches: a survey and future directions,” International
Journal of Advanced Computer Science and Applications, vol. 7,
no. 11, 2016.


