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Abstract— The Fifth Benchmark Autonomous Robot Naviga-
tion (BARN) Challenge took place at the 2026 IEEE Interna-
tional Conference on Robotics and Automation (ICRA 2026)
in Vienna, Austria. It continued to evaluate the performance
of state-of-the-art autonomous ground navigation systems in
highly constrained environments. After Philadelphia (North
America), London (Europe), Yokohama (Asia), and Atlanta
(North America), the challenge returned to Europe for the
second time. 17 teams participated in the simulation compe-
tition, seven of which were invited to the physical competition,
while four of them finally competed in Vienna. This year’s
challenge focused exclusively on static, highly constrained
environments, without the dynamic obstacle component used
previously. Second year in a row, all teams in the physical finals
adopted classical navigation approaches without using machine
learning. In this article, we discuss the challenge, the approaches
used by the three winning teams, and lessons learned to direct
future research and competitions.

I. THE FIFTH BARN CHALLENGE OVERVIEW

The Fifth BARN Challenge took place as a conference
competition at ICRA 2026 in Vienna, Austria. As a con-
tinuation of The First, Second, Third, and Fourth BARN
Challenges at ICRA 2022, 2023, 2024, and 2025 in Philadel-
phia, London, Yokohama, and Atlanta, respectively, the fifth
challenge aimed to evaluate the capability of state-of-the-
art navigation systems to move robots through static, highly
constrained obstacle courses, an ostensibly simple problem
even for many experienced robotics researchers, but in fact,
as the results from every year’s competitions suggest, a
problem far away from being solved [1]–[4].

Each team needed to develop an entire navigation software
stack for a standardized and provided mobile robot, i.e., a
Clearpath Jackal [5] with a 2D 270°-field-of-view Hokuyo
LiDAR for perception and a differential drive system with
2m/s maximal speed for actuation. The developed navigation
software stack needed to autonomously drive the robot from
a given starting location through a dense obstacle field to a
given goal without any collision with obstacles or any human
interventions. The team whose system could best accomplish
this task within the least amount of time would win the
competition. The Fifth BARN Challenge had two phases:
a qualifying phase evaluated in simulation, and a final phase
evaluated in three physical obstacle courses. The qualifying
phase took place before the ICRA 2026 conference using

the BARN dataset [6] (with the recent addition of Dyn-
aBARN [7]), which is composed of 300 obstacle courses in
Gazebo simulation randomly generated by cellular automata.
The top seven teams from the simulation phase were then
invited to compete in three different physical obstacle courses
set up by the organizers at ICRA 2026 in the VIECON,
Vienna Congress & Convention Center.

In this article, we report on the simulation qualifier and
physical finals of The Fifth BARN Challenge at ICRA 2026,
present the approaches used by the top three teams, discuss
lessons learned from the challenge compared against the first,
second, third, and fourth BARN Challenge at ICRA 2022,
2023, 2024, and 2025, and point out future research direc-
tions to solve the problem of autonomous ground navigation
in highly constrained spaces.

II. SIMULATION QUALIFIER

The simulation qualifier of The Fifth BARN Challenge
started on January 1st, 2026. The qualifier used the BARN
dataset [6], which consists of 300 5m × 5m obstacle en-
vironments randomly generated by cellular automata (see
examples in Fig. 1), each with a predefined start and goal.
These obstacle environments range from relatively open
spaces, where the robot barely needs to turn, to highly
dense fields, where the robot needs to squeeze between
obstacles with minimal clearance. The BARN environments
are open to the public, and were intended to be used by
the participating teams to develop their navigation stack.
Another 50 unseen environments, which are not available
to the public, were generated to evaluate the teams’ systems.
A random BARN environment generator was also provided
to the teams so that they could generate their own unseen
test environments.1

In addition to the 300 BARN environments, six baseline
approaches were also provided for the participants’ reference,
ranging from classical sampling-based [8] and optimization-
based navigation systems [9], to end-to-end machine learning
methods [10], [11], and hybrid approaches [12]. All baselines
were implementations of different local planners used in
conjunction with Dijkstra’s search as the global planner in
the ROS move base navigation stack [13]. Additionally, the

1https://github.com/dperille/jackal-map-creation
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Fig. 1: Four example BARN environments in the Gazebo simulator (ordered by ascending relative difficulty level).
.

winning teams’ navigation stacks from the last four competi-
tions were also open sourced [14]. To facilitate participation,
a training pipeline capable of running the standardized Jackal
robot in the Gazebo simulator with ROS Noetic (in Ubuntu
20.04), with the option of being containerized in Docker or
Singularity containers for fast and standardized setup and
evaluation, was also provided.2

This year, the organizers also introduced a ROS2 version
of the competition considering the growing interest in de-
veloping in ROS2. Out of the 17 simulation participants, 12
used ROS and 5 used ROS2.

A. Rules

Each participating team was required to submit their devel-
oped navigation system as a (collection of) launchable ROS
node(s). The challenge utilized a standardized evaluation
pipeline3 to run each team’s navigation system and compute
a standardized performance metric that considers navigation
success rate (collision or not reaching the goal count as
failure), actual traversal time, and environment difficulty
(measured by optimal traversal time). Specially, the score
s for navigating each environment i was computed as

si = 1success
i × OTi

clip(ATi, 2OTi, 8OTi)
,

where the indicator function 1success evaluates to 1 if the
robot reaches the navigation goal without any collision, and
evaluates to 0 otherwise. AT denotes the actual traversal
time, while OT denotes the optimal traversal time, as an
indicator of the environment difficulty and measured by the
shortest traversal time assuming the robot always travels at
its maximal speed (2m/s):

OTi =
Path Lengthi

Maximal Speed
.

The Path Length is provided by the BARN dataset based
on Dijkstra’s search from the given start to goal. The clip
function clips AT within 2OT and 8OT in order to assure
navigating extremely quickly or slowly in easy or difficult
environments respectively won’t disproportionally scale the
score. Notice that the lower bound 2OT was reduced from the
previous 4OT used in the first two challenges, considering the

2https://github.com/Daffan/ros_jackal
3https://github.com/Daffan/the-barn-challenge

performance upper bound, 0.25, has been closely approached
by multiple teams. Starting from the third BARN Challenge,
the upper bound has been increased to 0.5 to encourage faster
navigation speed. The overall score of each team is the score
averaged over all 50 unseen test BARN environments, with
10 trials in each environment. Higher scores indicate better
navigation performance. The six baselines score between
0.1656 and 0.4354 [14].

B. Results

The simulation qualifier started on January 1st, 2026 and
lasted through a soft submission deadline (April 8th, 2026)
and a hard submission deadline (May 8th, 2026). Submitting
by the soft deadline will guarantee an invitation to the final
physical competition given good navigation performance in
simulation and leave sufficient time for invited participants
to make travel arrangements to Vienna. The hard deadline
is to encourage broader participation, but final physical
competition eligibility will depend on the available capacity
and travel arrangement made beforehand. In total, 17 teams,
13 from Asia, two from North America, one from South
America, and one from Africa, submitted their navigation
systems. The performance of each submission was evaluated
by the standard evaluation pipeline. The results are shown
in Table I with the baselines shown in the fourth column as
a reference. We also evaluate the navigation systems in the
DynaBARN dataset with the results shown in parenthesis
in Table I, but the DynaBARN results are not considered
in the final scoring and ranking. Considering the physical
finals did not include the DynaBARN arena as last year, we
gave the team the option not to be evaluated in the simulated
DynaBARN enviornments (and hence the score 0.0000).

The top two simulation teams, IN2BOT from Beijing
Institute of Technology (BIT) and EW-Glab from Ewha
Womans University, outperformed all last year’s winning
teams (RRSL, RobotiXX, and UVA AMR) in simulation.
IN2BOT’s score, 0.4975, closely approached the performance
upper bound, 0.5.

The top seven teams were invited to the physical finals at
ICRA 2026 (Helios missed the hard submission deadline).
Five could attend—IN2BOT from BIT (China), EW-Glab
from Ewha Womans University (South Korea), KKato, an
independent participant (Japan), UFAM + INDT from Uni-
versidade Federal do Amazonas and Institute of Technology

https://github.com/Daffan/ros_jackal
https://github.com/Daffan/the-barn-challenge


TABLE I: Simulation Results.

Rank. Team Score Baseline

1 IN2BOT 0.4975 (0.0000)
2 EW-Glab 0.4880 (0.0000)
3 KKato 0.4856 (0.0000)
4 UFAM + INDT 0.4814 (0.0000)
5 ASU ROAR 0.4619 (0.0000)
6 Team Robo 0.4515 (0.1236)
7 Helios 0.4455 (0.0000) LfLH [11]
8 CRAL 0.4289 (0.0000) e2e [10]
9 PANAV 0.3682 (0.0000)

10 Deptron 0.3392 (0.0000)

11 eYantra 0.3119 (0.0000)

APPLR-DWA [12],
E-Band [9],

(Fast & Default)
DWA [8]

12 LAMA 0.0517 (0.0000)
13 LoneBot NA
14 VeRan NA
15 TUBE NA
16 Team K NA
17 PUST BARNARS NA

(Brazil), and Team Robo from Nanyang Technological Uni-
versity (Singapore). However, KKato withdrew after failing
to set up the navigation stack on the physical Jackals, leaving
four to compete.

III. PHYSICAL FINALS

The physical finals took place at ICRA 2026 in the
VIECON, Vienna Congress & Convention Center from June
2nd to June 4th, 2026 (Fig. 2). Two physical Jackal robots
with the same sensors and actuators were provided by the
competition sponsor, Clearpath Robotics.

Fig. 2: Final physical competition participants and organizers
at The Fifth BARN Challenge and award ceremony in
Vienna, Austira.

A. Setup

Physical obstacle courses were set up using 200 cardboard
boxes in the conference center. The organizers used the
same guidelines to set up three obstacle courses as in
the first four BARN challenges, i.e., all courses aimed at
testing a navigation system’s local planning and therefore

had an obvious passage but with minimal clearance (a few
centimeters around the robot) when traversing this passage.
For logistical reasons, DynaBARN arena was not set up this
year.

B. Rules

Each team had five minutes to set up their navigation
systems after they received the robot without accessing each
obstacle course. After the 5-minute setup, each team had
a “cold trial” that required the team to navigate through
the obstacle course without any fine-tuning. If the cold
trial succeeded, it counted towards a bonus successful trial.
This rewarded teams that could run their navigation stacks
without any fine-tuning. After the cold trial, each team had
the opportunity to run five timed trials (after notifying the
organizers to be timed) within a 20-minute period (later
expended to 25 minutes for the last two obstacle courses),
similar to the previous years. In each obstacle course, the
fastest three out of the five timed trials were counted, and
the team that had the most successful trials would be the
winner. In the case of a tie, the team with the fastest average
traversal time would be declared the winner. Considering
the robot traversal times were affected by the length of the
obstacle courses, starting this year, a human teleoperated trial
was conducted for each obstacle course, whose time was used
to normalized the robot traversal time.

C. Results

The four teams’ navigation performance is shown in Table
II. The detailed results of all five timed trials (in seconds,
only the top three were counted in the final score including
the extra cold trial) are listed in the last three columns of
Table II, where “X” indicates failure. The (+3) in the total
runs indicate the three extra cold trials.

The winner, IN2BOT, performed comparably to EW-Glab
and Team Robo in the first obstacle course, but navigated
the most slowly. EW-Glab showed a significant advantage
in the second obstacle course by more successful trials and
faster navigation. However, IN2BOT caught up in the third
obstacle course with three successful trials while EW-Glab
had zero.

As a result, IN2BOT won the competition by the most
successful trials (7/9); EW-Glab came in second place with
the second most successful trials (5/9); and Team Robo
scored third with one-third successful trials (3/9).

IV. TOP THREE TEAMS AND APPROACHES

In this section, we report the approaches used by the three
winning teams.

A. IN2BOT (BIT)

Team IN2BOT developed a local-decision-centered ROS
navigation stack for fast and robust traversal in narrow
BARN-style environments. In narrow BARN-style environ-
ments, especially around curved passages, the key challenge
is not only to find a feasible route but also to make local
decisions that preserve passage clearance while enabling



TABLE II: Physical Results.

Rank. Team Success/Total Norm. Avg. Time Course 1 Course 2 Course 3

1 IN2BOT 7/9(+3) 5.11 X/X/X/183/182/X X/X/X/127/125/X X/X/179/X/172/174
2 EW-Glab 5/9(+3) 2.91 X/132/137/X/X/X 112/111/109/X/111/116 X/X/X/X/X/X
3 Team Robo 3/9(+3) 2.60 X/X/X/X/138/140 X/X/84/X/X/X X/X/X/X/X/X
4 UFAM + INDT 0/9(+3) NA X/X/X/X/X/X X/X/X/X/X/X X/X/X/X/X/X

safe acceleration and deceleration. Optimization-based local
planners can be sensitive to inaccurate clearance modeling
in such tight spaces, which may lead to overly conservative
motion or small optimization errors that cause contact with
obstacles.

To address this issue, IN2BOT adopted a geometry-
sampling-based reactive planning framework. An A∗

global path provides long-horizon decision guidance to
avoid short-sighted local behavior, while a Vector Field
Histogram(VFH∗) planner implicitly evaluates passage clear-
ance from the local LiDAR point cloud. Based on the
selected VFH∗ direction, fuzzy velocity control generates
smooth acceleration and deceleration, and a safety barrier
control layer further constrains the final command for precise
maneuvering in narrow spaces.

1) Corner-Aware Lookahead Target Selection: The global
path is used as a geometric reference for local decision mak-
ing. Let the path be represented by P = {p0,p1, . . . ,pn},
and let xr be the current robot position. The planner first
selects a local path point pi ahead of the robot according to
its distance from the current robot position,

i = argmin
j

|∥pj − xr∥ − L| ,

where L is the desired lookahead distance. When a sharp
turn exists ahead, the selected point is biased toward the
corner region so that the robot can prepare for the turn before
reaching it.

The selected path point is further converted into a control
point. To estimate the local path geometry, the planner uses
three neighboring path points, pi−1, pi, and pi+1, which
define a local circumcircle with center oi. The outward
direction of the local curve is computed as

uout =
pi − oi

∥pi − oi∥
.

The control point is then obtained by shifting the selected
path point along this outward direction:

g = pi + ρiuout.

Here, ρi is determined by the local curvature and the relative
distance between the robot and the selected path point.
A sharper curve or a closer corner produces a stronger
outward shift, encouraging the robot to start turning earlier
and avoid cutting into the inside of the corner. The generated
control point and the VFH∗-selected local driving direction
are illustrated in Fig. 3.

Fig. 3: Control Point Generation and VFH∗ Direction
Selection. Control points are generated using the curvature
of the global path at local path points. The VFH∗ planner
selects the driving direction according to the control point
orientation and the local LiDAR point cloud.

2) VFH∗ Local Planning and Fuzzy Velocity Control:
The control target g is converted into a target sector in
the robot frame and used by the VFH∗ local planner. The
LiDAR scan is transformed into a polar obstacle histogram,
where each angular sector represents the obstacle density and
clearance in the corresponding direction. After smoothing
and thresholding, consecutive free sectors are extracted as
passable valleys. In this way, the VFH∗ representation im-
plicitly captures the available passage width around the robot
without explicitly constructing an optimization constraint for
the corridor boundary.

For each passable valley, the planner generates candidate
heading sectors. Centers of the narrow valleys are used to
improve stability, while for wide valleys a heading closer to
the target sector is selected after reserving a safety margin
near the valley boundaries. The final heading is selected by
balancing three factors: alignment with the control target,
consistency with the previously selected heading, and local
obstacle clearance. This allows the robot to follow the global
decision guidance while still reacting to newly observed



obstacles.
The selected VFH∗ heading is then passed to a fuzzy

velocity controller. The angular velocity is determined by the
heading error, while the linear velocity is adjusted according
to the frontal obstacle distance and the required turning
angle. As a result, the robot slows down before sharp turns or
narrow gaps and accelerates in open regions. On top of this
nominal command, the safety barrier control layer monitors
a speed-dependent frontal safety region. If an obstacle enters
this region, the controller suppresses forward motion and
rotates toward the side with larger clearance, ensuring safe
and precise maneuvering in narrow passages. Fig. 4 shows
the VFH∗-selected obstacle avoidance direction during a
physical run.

Fig. 4: Physical experiment of VFH∗-based local obstacle
avoidance. The green line represents the global path, and the
blue arrow indicates the local obstacle avoidance direction
selected by VFH∗.

B. EW-Glab (Ewha Womans University)

Team EW-GLAB from Ewha Womans University intro-
duced an optimization-based local planning method using
guidance points for safe navigation in cluttered environments.
The method first generates a global plan using the A*
algorithm to provide a reference route. Guidance points are
then generated by adjusting waypoints derived from the
global plan using a separation direction and line search.
These guidance points are used as a constraint term in the
local planner to guide the path toward collision-free regions
with sufficient clearance from obstacles. This enables the
robot to navigate safely through highly cluttered spaces.

1) Formulation: The objective of the local planning
method is to attract the local trajectory toward collision-free
regions using guidance points. To compute these points, a
signed distance field ϕ(c) is constructed first on the grid
map M for all grid cells c ∈ M based on the Chamfer
distance. For a robot pose p = (x, θ) ∈ SE(2), let cx ∈ M
be the grid cell containing x. For local planning, we adopt
the Timed Elastic Band (TEB) framework [15], [16]. TEB
computes a time-optimal trajectory T ∗ considering various
constraints, including clearance from obstacles, velocity, and

acceleration. These constraints are represented as weighted
cost terms in the optimization objective.

2) Pose Correction: To provide safe guidance for local
planning, uniformly sampled waypoints from the global
plan are first adjusted toward regions with higher clearance.
Following Lee and Kim [17], guidance points are generated
by correcting global waypoints using separation direction and
line search. For given waypoints g, the separation direction
v is determined from ϕ(cg). Intuitively, this direction corre-
sponds to the shortest displacement required to move g into
free space (i.e., penetration depth). If g lies inside or near an
obstacle, v is determined from the relative position between
g and the nearest obstacle boundary point, so that it points
away from the obstacle. If g lies on the boundary of the
obstacle, v follows the local gradient of ϕ.

After determining the separation direction v, each guid-
ance point is obtained by shifting the corresponding waypoint
along v to obtain sufficient collision clearance. From g, a ray
of length dmax is cast and rasterized into grid cells C. Then,
directional hill climbing over C is performed by selecting
cells with increasing distance values. The search terminates
when C is exhausted, or no further increase in clearance is
observed.

Guidance point

Initial 
local plan

Optimized 
local plan

Fig. 5: Guidance Point Based TEB Optimization. Guid-
ance points are generated to attract the initial local plan to-
ward regions that provide sufficient clearance from obstacles.

3) Guidance Point Based TEB Optimization: Before op-
timization, the local segment of the global plan is time-
parameterized to form the initial local plan. The guidance
points obtained from the pose correction process are then
incorporated into the TEB optimization to guide this initial
local plan toward high-clearance regions. Each guidance
point is matched to the closest TEB waypoint, and an
attraction cost is applied to penalize the deviation of the
corresponding TEB waypoint from the guidance point. This
encourages the optimized local trajectory to remain close
to the guidance points and move toward regions with higher
obstacle clearance while satisfying the other TEB constraints,
as shown in Fig. 5.

C. Team Robo (NTU)

Team Robo’s key motivation is to build a navigation stack
that remains useful beyond the specific static courses of
BARN. The team presented a real-time Nonlinear Model
Predictive Control (NMPC) framework for universal obstacle



avoidance, balancing static and dynamic obstacles within a
unified architecture. Unlike conventional local planners that
prioritize static obstacle avoidance, a well-understood prob-
lem with mature solutions, Team Robo’s approach leverages
the computational efficiency of ACADOS [18] to incorporate
both obstacle types directly into the constraint formulation,
addressing the more challenging, often-neglected dynamic
case without compromising static performance.

1) Formulation: The robot’s state variables is defined as

x = [x, y, θ, vr, vl]
T ∈ R5,

where (x, y) denotes the planar position, θ the heading, and
(vr, vl) velocities of the pairs of the right and left wheels,
respectively. The control input

u = [ar, al]
T ∈ R2,

represents accelerations of the right and left wheels. The
continuous-time dynamics are discretised using multiple
shooting over a receding horizon of Tf = 2.0 seconds
partitioned into N = 20 stages, yielding ∆t = 0.1 s. The
cost function minimized at each control cycle is

min

N−1∑
k=0

(
(xk − xref,k)

TQ(xk − xref,k) + uT
kRuk

)
+ (xN − xref,N )TQ(xN − xref,N )

subject to xk+1 = xk +∆t f(xk, uk), ∀k = 0, . . . , N − 1

where Q and R are weighting matrices for tracking error and
control effort.

2) Implementation: The global trajectory is generated by
ROS move base using the NavfnROS planner. Heading
references derived from the global plan are then smoothed
using a lookahead-based low-pass filter to avoid aggressive
wiggles during traversals while retaining minor oscillations
that aid laser scan excitation for dynamic obstacle tracking.
Obstacle information is obtained from the local costmap of
move base and live laser scans from the Jackal, as shown
in Fig. 6. A KD-tree is used to select the closest left and
right static obstacles at each stage. In addition, an obstacle
detection algorithm based on the same laser scans tracks
up to ten dynamic obstacles with estimated positions and
velocities, and propagates them over the prediction horizon.
Based on the estimated velocities, the NMPC triggers a rear-
side detour when ∥vobs∥ > ∥vrobot∥, as shown in Fig. 7. If
the separation distance to the obstacle is insufficient for a
forward lateral maneuver, the NMPC executes a reversal to
prevent collision. The complete obstacle set is encoded into a
24-dimensional parameter vector and passed to the ACADOS
solver at each control cycle.

V. DISCUSSION

We discuss new findings and lessons from the Fifth BARN
Challenge, not only from the technical perspective but also
from the competition organization side.

Fig. 6: RViz Visualization of Static Obstacles. Gradient
of colors from blue to red represents the costmap. Yellow
squares: laser scan

Fig. 7: Visualization of Dynamic Obstacles Avoidance.
Green line is the global plan. Orange line is the local plan.
Blue arrow is the velocity of the obstacle.

A. Simulation Result Approaches Performance Upper Bound
Again

Since the Third BARN Challenge at ICRA 2024 in Yoko-
hama, the simulation performance upper bound was raised
from 0.25 to 0.5, after 0.25 had been closely approached
by multiple teams. This year, the new 0.5 upper bound
has itself been closely approached by at least one team:
IN2BOT, who achieved 0.4975 out of 0.5 and also went on
to win the physical finals. EW-Glab finished second in both
the simulation qualifier and the physical finals, marginally
surpassing last year’s simulation winner FSMT (0.4880 vs.
0.4878) while also improving on their own prior submission
(0.4880 vs. 0.4736). The organizers are considering raising
the performance upper bound once more if a comparable
number of teams approach 0.5 in the coming year.

B. Increased Physical Difficulty Increases the Need for Fine-
Tuning

This year, beginning from the first obstacle course, the
physical environments were designed to be significantly more



challenging than in previous years, both in terms of course
length and obstacle clearance, as evidenced by the longer
traversal times in Table II. As a result, fine-tuning became
increasingly necessary. Across all 12 cold trials in the three
obstacle courses with the four teams, only a single cold
trial was successfully completed—by EW-Glab in the second
obstacle course, where they also achieved notably strong
performance overall (only one failed timed trial).

Autonomous navigation stacks that require no fine-tuning
to adapt to different obstacle configurations remain a de-
sirable but unrealized goal. Echoing the recommendation
from previous years, researchers are encouraged to pursue
parameter-free navigation systems, systems whose perfor-
mance across different environments is insensitive to param-
eterization, or autonomous parameter tuning techniques that
do not depend on human expertise [12], [19]–[24].

C. Second Consecutive Year With Classical Systems Across
All Winning Teams

As in the Fourth BARN Challenge, all three winning
teams this year again employed classical approaches without
any machine learning. This trend stands in notable contrast
to the growing prevalence of learning-based methods in
robotics—particularly in manipulation and autonomous driv-
ing, where vision-language-action models and robot world
models have drawn considerable recent attention. While
learning-based navigation approaches, including reinforce-
ment [25]–[29] and imitation [30]–[35] learning, have also
been applied to navigation, the highly precise maneuver-
ing demanded by the extremely constrained BARN obsta-
cle courses continues to favor classical systems for their
robustness, explainability, verifiability, debuggability, and,
critically, their amenability to fine-tuning.

The organizers also wish to acknowledge that navigation
challenges beyond geometric obstacle avoidance—such as
visual inputs [25], [26], [36]–[41], off-road conditions [31],
[32], [34], [35], [42]–[52], social contexts [53]–[63], kin-
odynamic constraints [64]–[66], and multi-robot naviga-
tion [67]–[70]—may better motivate the use of learning-
based methods. Nevertheless, obstacle avoidance and goal-
reaching remain the two most fundamental navigation ca-
pabilities of autonomous mobile robots, and ones that al-
ready underpin real-world deployments such as food delivery
robots in restaurants, hotels, and neighborhoods, and logistics
robots in factories and warehouses.

D. Fuzzy Logic Shines Again

A noteworthy recurrence this year is that the winning
team, IN2BOT, leveraged fuzzy logic in their navigation
system—the same paradigm adopted by last year’s winner,
RRSL [71]. RRSL used fuzzy logic to directly generate
motion commands (linear and angular velocities) via a two-
stage optimized fuzzy controller, augmented by a search-
smooth-safeguard procedure. IN2BOT similarly employed
fuzzy logic to regulate angular velocity based on heading
error from the local planner and to modulate linear velocity
according to frontal obstacle distance and required turning

angle, with an additional safety barrier control layer applied
on top of the fuzzy controller output. The back-to-back
success of fuzzy-logic-based systems in the two most recent
BARN Challenges suggests that fuzzy inference is a particu-
larly well-suited paradigm for the fine-grained, uncertainty-
aware control that tight obstacle courses demand.

E. Most Teams Optimize for Static Obstacles

The vast majority of teams continued to focus their
navigation systems on static obstacle avoidance. Only one
team, Team Robo, explicitly targeted dynamic obstacles in
their design. This reinforces the finding from the Fourth
BARN Challenge that dynamic obstacle avoidance remains
an underdeveloped capability across the field.

F. Extensive Wireless Interference Causes Disruptions

During the physical finals, wireless interference was con-
siderably more severe than in previous years and repeatedly
disrupted teams’ attempts to connect remotely to the robots.
The likely primary source was the large number of competing
teams in the vicinity of the BARN Challenge area, partic-
ularly participants in the RoboRacer competition. A further
contributing factor was the RoboRacer audience: interference
levels rose and fell in correlation with that competition’s race
schedule, peaking during races when spectators gathered in
large numbers near the shared competition space.

Consequently, teams were affected to varying degrees.
In the first obstacle course, the organizers paused the 20-
minute countdown intermittently to mitigate the most severe
disruptions—for instance, at times when connection quality
degraded to the point that teams could not remotely ad-
just parameters, open RViz, or even set navigation goals.
Maintaining a consistently fair standard for when to pause
the countdown proved difficult and led to some contentious
exchanges between teams and organizers. Beginning with the
second obstacle course, all teams agreed to extend the session
to 25 minutes with the countdown running continuously
under all circumstances. While this provided a uniform stan-
dard, it exposed teams to unequal communication conditions
depending on their time slot. For example, during the third
obstacle course, IN2BOT competed during a period of low
RoboRacer spectator activity and experienced no wireless
interruptions throughout their 25-minute session. EW-Glab,
by contrast, competed during one of the RoboRacer semi-
final races and was unable to connect to the robot for the
majority of their session. The organizers will investigate
technical and logistical options to reduce the impact of
wireless interference at future competitions.

G. ROS Teams Significantly Outperform ROS2 Teams

As noted above, this year marked the first time ROS2
submissions were formally supported in the competition
pipeline, and five of the 17 participating teams submitted
ROS2-based systems (LAMA, LoneBot, VeRAN, Team K,
and PUST BARNARS). Of these, only one (LAMA) could
be successfully evaluated using the standard ROS2 pipeline.
In contrast, only one of the 12 ROS submissions (TUBE)



failed to be evaluated. This disparity suggests that ROS
remains the more mature and reliable platform for the BARN
Challenge. It also likely reflects a demographic difference:
ROS2 adopters tend to be newer entrants to the field building
systems from scratch, whereas teams using ROS often main-
tain established code bases with legacy dependencies that
anchor them to that ecosystem. One team, CRAL, used ROS
for the simulation qualifier but intended to switch to ROS2
for the physical competition, illustrating the transitional
nature of the current moment in the community’s migration
between the two frameworks.

VI. FUTURE PLANS

After five BARN Challenges since 2022, the competition
rules have converged to a relatively stable state compared
to the early iterations of the event. Accordingly, the core
structure will be carried forward into the next competition:
the simulation qualifier, the five-minute setup period, the cold
trial as a bonus incentive for fine-tuning-free navigation, and
the 20-minute (later expanded to 25 minutes) timed session
will all be retained.

Given the consistently low engagement with dynamic
obstacles across participating teams, the organizers will shift
focus exclusively to static obstacle navigation for the foresee-
able future. Rather than continuing to allocate competition
time and scoring infrastructure to a dimension that few teams
meaningfully optimize for, concentrating on static obstacle
avoidance will allow the competition to more precisely
benchmark the core capability it was designed to evaluate.

The most pressing organizational challenge for the next
competition is developing a principled and fair policy for
handling wireless interference during the physical finals.
The current approach—extending the session length while
running the countdown continuously regardless of connection
conditions—provides consistency but cannot compensate for
the unequal impact of interference on teams competing at
different times. The organizers will explore options such
as dedicated wireless channels, physical separation from
neighboring competitions, or a structured and transparent
protocol for pausing the countdown under objectively defined
degradation conditions, with the goal of ensuring that results
reflect navigation performance rather than communication
fortune.
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[57] A. Francis, C. Pérez-d’Arpino, C. Li, F. Xia, A. Alahi, R. Alami,
A. Bera, A. Biswas, J. Biswas, R. Chandra et al., “Principles and
guidelines for evaluating social robot navigation algorithms,” ACM
Transactions on Human-Robot Interaction, 2024.

[58] C. Mavrogiannis, F. Baldini, A. Wang, D. Zhao, P. Trautman, A. Stein-
feld, and J. Oh, “Core challenges of social robot navigation: A survey,”
ACM Transactions on Human-Robot Interaction, vol. 12, no. 3, pp. 1–
39, 2023.

[59] H. Karnan, A. Nair, X. Xiao, G. Warnell, S. Pirk, A. Toshev, J. Hart,
J. Biswas, and P. Stone, “Socially compliant navigation dataset (scand):
A large-scale dataset of demonstrations for social navigation,” IEEE
Robotics and Automation Letters, vol. 7, no. 4, pp. 11 807–11 814,
2022.

[60] D. M. Nguyen, M. Nazeri, A. Payandeh, A. Datar, and X. Xiao, “To-
ward human-like social robot navigation: A large-scale, multi-modal,
social human navigation dataset,” in 2023 IEEE/RSJ International
Conference on Intelligent Robots and Systems (IROS). IEEE, 2023,
pp. 7442–7447.

[61] X. Xiao, T. Zhang, K. M. Choromanski, T.-W. E. Lee, A. Francis,
J. Varley, S. Tu, S. Singh, P. Xu, F. Xia, S. M. Persson, L. Takayama,
R. Frostig, J. Tan, C. Parada, and V. Sindhwani, “Learning model pre-
dictive controllers with real-time attention for real-world navigation,”
in Conference on robot learning. PMLR, 2022.

[62] J. Hart, R. Mirsky, X. Xiao, S. Tejeda, B. Mahajan, J. Goo, K. Baldauf,
S. Owen, and P. Stone, “Using human-inspired signals to disam-



biguate navigational intentions,” in International Conference on Social
Robotics. Springer, 2020, pp. 320–331.

[63] S. Pirk, E. Lee, X. Xiao, L. Takayama, A. Francis, and A. Toshev,
“A protocol for validating social navigation policies,” arXiv preprint
arXiv:2204.05443, 2022.

[64] D. Das, Y. Lu, E. Plaku, and X. Xiao, “Motion memory: Leveraging
past experiences to accelerate future motion planning,” in 2024 IEEE
International Conference on Robotics and Automation (ICRA). IEEE,
2024.

[65] Y. Lu and E. Plaku, “Leveraging single-goal predictions to improve
the efficiency of multi-goal motion planning with dynamics,” in 2023
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS). IEEE, 2023, pp. 850–857.

[66] H.-D. Bui, Y. Lu, and E. Plaku, “Improving the efficiency of sampling-
based motion planners via runtime predictions for motion-planning
problems with dynamics,” in 2022 IEEE/RSJ International Conference
on Intelligent Robots and Systems (IROS). IEEE, 2022, pp. 4486–
4491.

[67] P. Long, T. Fan, X. Liao, W. Liu, H. Zhang, and J. Pan, “Towards
optimally decentralized multi-robot collision avoidance via deep re-
inforcement learning,” in 2018 IEEE International Conference on
Robotics and Automation (ICRA). IEEE, 2018, pp. 6252–6259.

[68] Y. F. Chen, M. Liu, M. Everett, and J. P. How, “Decentralized non-
communicating multiagent collision avoidance with deep reinforce-
ment learning,” in 2017 IEEE international conference on robotics
and automation (ICRA). IEEE, 2017, pp. 285–292.

[69] Y. Lu, D. Das, E. Plaku, and X. Xiao, “Multi-goal motion memory,”
arXiv preprint arXiv:2407.11399, 2024.

[70] J.-S. Park, X. Xiao, G. Warnell, H. Yedidsion, and P. Stone, “Learn-
ing perceptual hallucination for multi-robot navigation in narrow
hallways,” in 2023 IEEE International Conference on Robotics and
Automation (ICRA). IEEE, 2023, pp. 10 033–10 039.

[71] A. Mazen, M. Faied, M. Krishnan, K. Yazdipaz, and I. Mateyaunga,
“A two-stage tuning framework for fuzzy navigation: From intuitive
fisvfh to robust S3 -FISVFH,” IEEE Transactions on Fuzzy Systems,
2025, [under review].


	The Fifth BARN Challenge Overview
	Simulation Qualifier
	Rules
	Results

	Physical Finals
	Setup
	Rules
	Results

	Top Three Teams and Approaches
	IN2BOT (BIT)
	Corner-Aware Lookahead Target Selection
	VFH* Local Planning and Fuzzy Velocity Control

	EW-Glab (Ewha Womans University)
	Formulation
	Pose Correction
	Guidance Point Based TEB Optimization

	Team Robo (NTU)
	Formulation
	Implementation


	Discussion
	Simulation Result Approaches Performance Upper Bound Again
	Increased Physical Difficulty Increases the Need for Fine-Tuning
	Second Consecutive Year With Classical Systems Across All Winning Teams
	Fuzzy Logic Shines Again
	Most Teams Optimize for Static Obstacles
	Extensive Wireless Interference Causes Disruptions
	ROS Teams Significantly Outperform ROS2 Teams

	Future Plans
	References

