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ARTICLE INFO ABSTRACT

Keywords: In large-scale industrial environments where multi-AMR (Autonomous Mobile Robot) systems are deployed, the
Path planning unpredictable occurrence of obstacles can significantly disrupt AMR navigation, hindering task execution. To
L‘fellong learning overcome such disruptions, AMRs must frequently replan their routes in real time, often resulting in suboptimal
Multi-AMR

trajectories. This paper proposes a multi-AMR path planning framework based on a Cooperative Costmap with
Lifelong Learning, designed to enable efficient navigation even in environments where obstacle patterns are not
known a priori. Inspired by issue-propagation models in social-network theory — which describe how public
attention rises and fades over time within a network — the proposed approach models the temporal influence
of encountered obstacles, allowing predictive path planning that adapts to changing obstacle patterns. The
framework incorporates a lifelong learning mechanism to incrementally refine the influence parameter over
time, thus ensuring adaptability in dynamic industrial settings. Simulation experiments demonstrate that the
proposed approach increases task throughput by up to 18.0% and reduces average travel time by up to 30.1%
compared to the standard ROS 2 navigation stack.

1. Introduction obstacle-occurrence information detected by one AMR to be shared
across the multi-AMR system, influencing other AMRs’ path planning.
Inspired by issue-propagation models [10,11], we introduce an Obsta-
cle Influence model — a time-decay function that determines how long
a detected obstacle should continue to influence robot path planning
— which activates when an AMR detects an unexpected obstacle that
hinders navigation. In this model, the influence of an obstacle shared
by the robots rises sharply when it is first detected and then gradually
diminishes over time. Leveraging this principle, we mathematically
capture how obstacles modulate navigation decisions in the multi-AMR
system over time. The Obstacle Influence model is used to incorporate

In smart manufacturing architectures where production lines, ware-
houses, industrial monitoring systems, and cloud-based analytics are
tightly integrated [1,2], automation is increasingly achieved by de-
ploying diverse robots, including Autonomous Mobile Robots (AMRs),
to enhance operational productivity [3,4]. These AMRs perform tasks
while autonomously navigating their surroundings. Furthermore, fleets
of AMRs are often coordinated within a multi-AMR system [5] in
large-scale facilities where industrial monitoring is implemented [6,7].
However, obstacles such as forklifts and Automated Guided Vehicles
(AGVs) may appear intermittently as part of transportation workflows,

disrupting the movement of AMRs [8]. In particular, when these obsta-
cles completely block passage along the planned aisle, the AMRs must
detour via alternative routes, imposing potentially severe delays on the
entire manufacturing workflow. In scenarios where system operators
cannot accurately predict these obstacle patterns, AMRs must rely
solely on sensor-based real-time path replanning to avoid collisions [9].
Such reactive approaches often lead to inefficient route adjustments,
ultimately reducing the overall efficiency of the multi-AMR system.
To address the challenge of unpredictable obstacles, we propose a
Cooperative Costmap with Lifelong Learning. This framework enables
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and later remove obstacle-occurrence information from each AMR’s
costmap. Under these conditions, the decay rate of the Obstacle Influ-
ence model directly affects how soon an AMR may re-enter a previously
obstructed region. To adjust the decay rate adaptively, we introduce
a lifelong learning mechanism based on historical obstacle patterns
in each region. Here, obstacle patterns encompass not only where
obstacles emerge but also how long they tend to persist in each aisle,
thereby considering both spatial distribution and temporal duration.
By learning whether obstacles tend to disappear quickly or persist
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for a long time in specific regions, the system intelligently minimizes
unnecessary collision risk and improves path efficiency.

This paper introduces the Cooperative Costmap with Lifelong Learn-
ing framework, designed to enable efficient global path planning in
smart manufacturing facilities characterized by unpredictable obstacle
patterns. By enabling obstacle-occurrence information sharing across
AMRs, and dynamically adjusting the influence of the information over
time, the proposed framework allows AMRs to continuously adapt to
dynamic industrial scenarios in a lifelong learning manner. Notably,
the proposed approach requires only a 2D LiDAR sensor, with no
additional cameras or sensor-fusion pipeline, thus minimizing hardware
requirements. It is also fully compatible with the standard ROS 2
navigation stack, integrating as a costmap layer plugin that requires
no modifications to existing planners or controllers.

The remainder of this paper is organized as follows. Section 2 re-
views related work on multi-AMR navigation. Section 3 details the pro-
posed Cooperative Costmap with Lifelong Learning framework, build-
ing on the Obstacle Influence Model. Section 4 validates our framework
in simulated environments that closely resemble real-world industrial
settings. Finally, Section 5 concludes the paper and outlines directions
for future work.

2. Related work

In large-scale industrial environments, it is essential to scale single
robot capabilities to multi-AMR deployments [12-14]. Accordingly,
several studies propose methods to optimize the paths of multiple
robots while avoiding collisions with obstacles. The study in [15]
proposes a Deep Q-network-based approach that prevents multiple
robots from simultaneously choosing risky paths and learns policies
that yield optimal navigation. The authors in [16] propose a rein-
forcement learning-based navigation approach that leverages a visual
transformer and self-attention mechanism, enabling multiple robots to
cooperate safely and achieve collision-free navigation. In [17], the
authors introduce a novel imitation learning framework based on a
modified Bayesian model to design distributed collision avoidance
policies for multi-robot coordination. The work in [18] proposes a
priority-based cooperative planner, in which robots avoid obstacles
according to assigned priorities. However, most of these approaches
either depend on computationally intensive machine-learning pipelines
— such as reinforcement or deep learning methods [19,20] — or lack
modular interfaces for seamless integration with the ROS 2 navigation
stack.

In environments where unexpected obstacles may appear, several
studies integrate custom layers into the costmap as plugins to extend
the functionality of the ROS 2 navigation stack. In [21], the authors
incorporate a YOLOv8-based image-segmentation layer into the local
costmap, allowing the AMR to accurately distinguish traversable terrain
from obstacles. However, this approach does not consider integration
with multi-AMR systems. Other studies enable multi-AMR systems
to adaptively select optimal paths in dynamic, real-time conditions.
For instance, the work in [22,23] proposes cooperative perception
mechanisms where robots share local occupancy information to avoid
obstacles and generate global paths collaboratively. In [24], the authors
leverage Time-to-Collision in a custom layer to quantify the severity of
collision risks at various locations, thereby enhancing the safety and
efficiency of trajectory planning. However, these methods rely solely
on real-time sensing and do not fully exploit the historical obstacle
patterns. The study in [25] introduces a custom layer to manage de-
centralized multi-robot traffic using a modified Dijkstra algorithm with
directional filters, but it also lacks the ability to detect and adapt to
changing obstacle patterns [26]. We introduce a Cooperative Costmap
with Lifelong Learning that overcomes the limitations of previous
approaches. Our framework features a lightweight learning mecha-
nism that integrates seamlessly into the ROS 2 navigation stack and
adapts continuously using both real-time sensor data and accumulated
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past observations, ensuring robustness to changing environments. The
method is entirely self-supervised—each robot derives state labels from
its own traversals, eliminating manual-labeling costs and reflecting the
philosophy of self-supervised learning [27]. Furthermore, parameter
updates rely on a simple multiplicative rule, keeping the computa-
tional load minimal and making the framework far more efficient than
computation-heavy reinforcement-learning pipelines.

3. Approach

This section introduces the Cooperative Costmap with Lifelong
Learning framework, which enables global path optimization in indus-
trial environments with unpredictable obstacle patterns. The frame-
work aggregates sensor data from individual AMRs into a cooperative
costmap and leverages a lifelong learning mechanism to continuously
adapt the costmap to dynamic obstacle patterns within a multi-AMR
system.

3.1. Obstacle influence model

Several studies indicate that principles from social-network the-
ory can illuminate robot communication and coordination. The study
in [28] mentions that multi-robot teams are coordinated more effi-
ciently when modeled as social networks instead of traditional robot-
specific schemes. Under this paradigm, a multi-robot system is viewed
as a social entity—a collection of loosely coupled, intelligent agents
that continuously collaborate, structurally mirroring a human social
network. Building on this perspective, in [29], the authors show —
through theoretical analysis and physical multi-robot experiments —
that state propagation in both social systems and in engineered robot
networks follows the same underlying dynamics. Collectively, these
findings strongly support the use of social-network models in the design
of cooperative robotic systems.

Building on the preceding social-network perspective, we adopt
the issue-propagation concept from social-network theory to model
inter-robot information sharing in multi-robot systems. As described
in [10], the issue-attention cycle characterizes how public attention
in a social issue surges rapidly and then gradually diminishes. This
pattern serves as a basis for modeling the temporal influence of an
issue. Based on this concept, the study in [11] analyzes public responses
to the 2019 measles outbreak in Austria using a lognormal distribution,
demonstrating that the influence of the issue tends to rise following
propagation and then decay gradually in a long-tailed, skewed fashion.
The lognormal distribution is shown in Eq. (1), where the rate of decay
— representing the spread of the distribution — is determined by the
standard deviation in logarithmic space.

£ o) = —— exp[- a2 M
xo\2n

We draw an analogy between the way an obstacle-occurrence issue
spreads among AMRs and the propagation of issues in social networks.
Instead of requiring each AMR to individually encounter obstacles and
replan in real time, information detected by one AMR is shared with
others—mirroring how a social issue propagates through a network. As
demonstrated in [11], we also model the temporal influence of such
information using a lognormal distribution, which effectively captures
the initial increase followed by a gradual decay over time. This model
is referred to as Obstacle Influence, and its output is normalized to the
range [0, 1] to represent the relative intensity of the influence. The value
at a given time shows the extent to which obstacle detection influences
the navigation decisions of other AMRs, with the shared information
subsequently incorporated into their costmaps.

An ‘unexpected obstacle’ is any obstruction absent from the pre-
loaded map that triggers real-time path replanning during AMR naviga-
tion [30]. In this study, we narrow the term ‘obstacle’ to refer to objects
that completely halt an AMR’s movement along its global planner
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Fig. 1. Lognormal obstacle influence curve.

path, forcing the planner to regenerate an alternative detour route;
such blockages can impose severe delays on the entire manufacturing
workflow. Consequently, minor or only partially obstructing obstacles
— ones that the local planner can readily handle while the AMR
proceeds along its original global path — are excluded from the scope
of this study. When an obstacle blocks the AMR’s current global path
and triggers replanning, the Obstacle Influence model is immediately
activated for the affected region. Here, a ‘region’ is a spatial unit that
may correspond to a single grid cell — the smallest grid element,
a square whose side length equals the map resolution — or to any
collection of adjacent cells, depending on how coarsely or finely the
user discretizes the workspace. If the replanned detour path is markedly
longer than the original global path because the AMR takes an alternate
aisle, we infer the presence of a passage-blocking obstacle. Once an
AMR encounters such an obstacle, its occurrence is propagated to the
costmaps of all other AMRs through the Obstacle Influence model. In
Fig. 1, Segment [1] represents the inherent system delays — including
communication and processing latencies — from the moment an obsta-
cle is detected to the point at which the information is incorporated
into the costmaps of the other AMRs. After this delay, in Segment [2],
the Obstacle Influence value rises to its peak at 1. To ensure that the
peak occurs at a desired time #), the model parameters y and ¢ are
adjusted such that Eq. (2) holds.

exp(ﬂ - 0'2) =1. 2)

The resulting lognormal distribution, expressed using a single
parameter — the decay rate A — is presented in Eq. (3):

VA7

t
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The decay rate of the Obstacle Influence model is controlled by a
parameter A, which determines how quickly the influence diminishes
over time. When the value of Obstacle Influence exceeds a prede-
fined threshold, k, the corresponding obstacle-occurrence information
is inserted into the costmap of each AMR, allowing the planner to
classify the blocked aisle as impassable and preemptively select an
alternative route. The threshold is empirically set to 0.5 by default, but
it can be tuned depending on the industrial environment. Over time, as
shown in Segment [2] of Fig. 1, the influence gradually decays. Once
the influence value falls below the threshold, the obstacle-occurrence
information is removed from the costmaps, allowing AMRs to re-enter
the region. This mechanism is implemented through a custom costmap
layer plugin that leverages Obstacle Influence values, as detailed in
Section 3.3.

Within the Cooperative Costmap framework, the decay rate of the
Obstacle Influence model dictates how soon an AMR can safely re-
enter a region that was previously blocked. To predict unpredictable
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Fig. 2. Region state-transition diagram.

obstacle patterns effectively, we introduce a lifelong learning mech-
anism that adjusts the decay rate of each region in the Cooperative
Costmap according to the historical obstacle observations accumulated
by the AMRs. Specifically, in regions where obstacles tend to disappear
quickly, the decay rate is increased, allowing the Obstacle Influence
value to reach the threshold more rapidly. This leads to the timely
removal of obstacle-occurrence information from the costmap, enabling
faster re-entry and improved regional traversability. In contrast, in
regions where obstacles tend to persist for longer periods, the decay
rate is reduced, causing the influence value to decline more slowly. As a
result, obstacle-occurrence information remains on the costmap longer,
preventing premature re-entry and reducing the likelihood of repeated
obstacle encounters.

3.2. Lifelong learning mechanism for obstacle influence

Fig. 2 outlines the workflow built around the four state types that an
AMR assigns to each region it traverses and the corresponding actions.
As these states are maintained on a per-region basis, the spatial distribu-
tion of obstacles is captured implicitly. While navigating, the AMR tags
every region it encounters with one of the four labels; the chosen label
can trigger an update to that region’s Obstacle Influence value f(z; 1),
whose lognormal decay is designed to approach — but never actually
reach — zero unless the reset is issued. After the mission, each region’s
decay rate is updated according to the state labels, thereby realizing
the proposed lifelong-learning mechanism.

IDEAL indicates that f(1;A) = 0 and no AMR has ever observed
an unexpected obstacle in that region. OBSTACLE is assigned the
first time an AMR detects an unexpected obstacle in a region where
f(t; A) = 0; at that moment f(; 1) becomes active for the region. The
AMR immediately reroutes around the region. AVOID denotes that the
obstacle is encountered again—either (i) when the same AMR again
returns to a region already labeled OBSTACLE or AVOID, or (ii) when
another AMR encounters a region whose residual influence satisfies
0 < f(t; 1) < k. Here, the influence has decayed below the threshold
k, so the region is traversable on the costmap, yet f(r; 1) > 0 means
a past detection; the AMR immediately reroutes around the region
and resets f(t;4) to start again from ¢+ = 0. EXPLORED is applied
when that region currently labeled OBSTACLE or AVOID is traversed
while f(r;4) > 0 yet no obstacle is found; the state label switches
to EXPLORED and f(; A) is reset to zero to indicate that the obstacle
has disappeared and that its influence has completely dissipated. These
dynamic labels, with the state-transition diagram in Fig. 2, enable all
AMRs to maintain a consistent, continually updated estimate of obstacle
persistence throughout the workspace.

At the end of each navigation task, the system updates the decay
rate A for each region using the recent state observations of the AMR.
The update is based on a comparison between the current travel time
(Tiave;) derived from the recorded state history and the predefined
reference time (7}.¢). The reference time is a fixed value based on the
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environment, representing the travel time when taking an immediate
detour instead of the shortest path; this value can be estimated offline
from a pre-loaded map or empirically calibrated during actual oper-
ation. The ratio ¢ = Tie/Tiavel thereby incorporates the obstacle’s
temporal duration into the update, indicating how long the obstacle
impeded the AMR relative to the detour. By comparing current travel
times against this reference, the system infers obstacle persistence in
each region and adjusts A accordingly: A remains constant for regions
labeled IDEAL or OBSTACLE, indicating either no obstacle encounters
or only a single detection.

State-based decay rate adjustment rules

T,
ref7 A A

Tiravel

* AVOID: ¢ < 1 because Ty, is always greater than T
(slower decay)

$<1

¢ >1 (faster decay)

(slower decay)
« EXPLORED:

Decay-rate updating operates analogously to the paradigm of simul-
taneous state-and-parameter estimation in adaptive control [31]: after
each mission, every region treats its current value of 4 as a weight and
rescales it multiplicatively according to the most recent observed state.
Repeated application of this rule gradually aligns the decay rate of
every region with its observed obstacle duration. These region-specific
adjustments are then applied to the costmap of each AMR, allowing
other AMRs to dynamically update or remove obstacle-related costs in
their own costmaps.

3.3. Obstacle influence layer plugin for cooperative costmap

A costmap is a grid-based representation of obstacle and envi-
ronmental cost information, which allows an AMR to perform path
planning by minimizing the total accumulated cost during navigation.
The costmap typically consists of two components: the global costmap,
which covers the robot’s entire workspace and derives its baseline
costs from the pre-loaded static map, and the local costmap, which
updates costs in real time using obstacle data detected by onboard
sensors [32]. This study focuses on a 2D costmap, where each cell is
assigned a cost value [33] ranging from O (free space) to 254 (lethal
obstacle). A 2D costmap typically consists of three fundamental layers.
The first is the static layer, which assigns costs based on preloaded
static map information. The second is the obstacle layer, which as-
signs costs to obstacles detected by real-time sensor data. The third
is the inflation layer, which inflates the area around lethal obstacles
by assigning additional costs, thereby ensuring a safe buffer zone to
prevent robot-obstacle collisions [34]. The open-source ROS 2 Nav2
stack, commonly used for the development of robot applications [35],
does not provide built-in specialized functions to automatically handle
dynamic obstacles [34]. To address dynamic obstacles within Nav2,
the ROS 2 navigation stack allows for user-defined custom layers to be
integrated as plugins, enabling flexible extensions of the costmap with
additional semantic information tailored to specific field scenarios [36].
Consequently, although a custom costmap layer is added, the existing
planner and controller in the ROS 2 navigation stack continue to
operate seamlessly without any need for modification.

We implement the Obstacle Influence function, parameterized by
the decay rate 4, via a custom costmap layer plugin called the Obstacle
Influence Layer (as shown in Fig. 3). This layer captures obstacle-
occurrence information and updates the cost values over time. As
described in Section 3.2, when an AMR detects an unexpected obstacle
during navigation, the corresponding region is immediately updated:
the STATE label is changed to reflect obstacle-occurrence information,
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and the system evaluates whether to activate the Obstacle Influence
model. After navigation, the appropriate decay rate A is determined
based on state observations of the AMR, enabling the system to adapt
quickly to its environment by learning from experience [20]. The influ-
ence value computed using 4 is then converted into a cost and applied
to the Obstacle Influence Layer. This cost directly affects the AMR’s
global path planner, effectively discouraging it from traversing the
obstructed region. The system estimates whether the AMR is likely to
pass through a specific region via the aisle, based on its current position
and goal position. This estimation is recorded in the inAisle flag and
used to selectively update the Obstacle Influence Layer depending on
whether the AMR is expected to traverse the region. For each region,
if the Obstacle Influence value falls below a predefined threshold (as
described in Section 3.1), the cost is set to 0, indicating that the region
is traversable. If the value exceeds the threshold, the cost is set to 253,
signaling that the region should be avoided. Through this plugin design,
the Obstacle Influence Layer dynamically incorporates time-varying
obstacle information into the costmap. Ultimately, this mechanism
enables the construction of a Cooperative Costmap that continuously
aggregates obstacle observations from all AMRs, thereby minimizing
localized risks and enhancing overall path planning efficiency.

4. Experiments

We evaluate the effectiveness of the proposed Cooperative Costmap
with Lifelong Learning framework in simulated environments that
closely resemble real-world industrial settings. The constructed simula-
tion environment spans a rectangular area of 25.9 m by 41.6 m, which
serves as a simplified representation of warehouse delivery aisles (as
shown in Fig. 4(a) and (b)). The simulation runs on an Ubuntu 22.04
environment with ROS 2 Humble. The experiments are conducted
using multiple DeliveryRobot models, provided by GazeboSim [37].
To emulate a realistic logistics center, we utilize object models such
as trashcans, buckets, and boxes provided by Amazon.com, Inc., along
with lifts [38], shelves [39], pallets [40,41], and charging stations [42]
from the GazeboSim library. Before running the navigation tests, a
static map of the environment is generated using the Google Cartogra-
pher SLAM algorithm [43]. This standard preparatory step establishes
a single, shared global coordinate frame, so that every subsequent pose
estimate and costmap layer refers to the same physical locations [44].
In addition, RViz is employed to visualize the AMR trajectories and
environment dynamics, enabling intuitive performance assessment of
the proposed framework. The simulation environment parameters and
obstacle characteristics influence the outcomes [45], and the specific
settings used in Gazebo are summarized in Table 1.

The experiments deploy multiple AMRs into simulated industrial
environments containing both long-lasting and short-lived obstacles
— two representative persistence levels frequently encountered on
warehouse floors — and compare the navigation performance of AMRs
with the standard ROS 2 navigation stack. Lift models act as unexpected
obstacles that halt AMR passage through the aisle and thereby delay
operations; their arrivals follow a Poisson distribution with a minimum
inter-arrival time of 1500 s, capturing realistic randomness and envi-
ronmental variability. In the long-lasting obstacle scenario, lifts move
at an average speed of 0.05 m/s, similar to a scissor-lift table that
slowly traverses a rack during loading operations. In the short-lived
obstacle scenario, they move at an average speed of 0.1667 m/s (Fig.
5(a)), mimicking a forklift that briefly crosses an aisle. DeliveryRobots,
serving as AMRs, are equipped with 2D LiDAR sensors (1° angular
resolution, 5 Hz scan rate) and navigate from their start points to goal
points at an average speed of 0.5 m/s while performing transport tasks
(Fig. 5(b) and (c)). The simulation models the specifications of real
robot sensors as well as the constraints on acceleration and rotational
speed to ensure physically consistent dynamics.

We focus on a smart-manufacturing architecture with integrated
intralogistics, where unpredictable obstacles — such as forklifts or
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Table 1
Gazebo simulation settings and obstacle characteristics.
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Gravity Physics Dimensions of Average speed of Average speed of Dimensions of
(m/s?) type Gazebo environments long-lasting obstacles short-lived obstacles obstacles
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X Y Z
0 -9.8 ode 25.9 x 41.6 0.05 0.1667 3.2x24x21
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Fig. 3. Obstacle influence layer workflow.

(b)

Fig. 4. Gazebo simulation environments (a) angled view; (b) top-down view.

AGVs — move through designated work zones for operational effi-
ciency [46]. These movements create recurring obstacle patterns that
the system can learn and adapt to, similar to a ‘milk-run’ distribution
system [47]. Because these patterns tend to persist long enough for
observations to accumulate, the framework can infer an environment-
specific optimal decay rate by monitoring the obstacles encountered
while AMRs perform their assigned tasks, even when human operators
have no prior knowledge of the patterns.

4.1. Performance of lifelong learning mechanism

This section presents a 30,000 s simulation experiment conducted
using a custom Python-based simulator developed to approximate
Gazebo environment settings. This lightweight simulator lets us repeat
trials rapidly and vary settings — down to very fine region granular-
ity — in a controlled way, enabling efficient testing of the lifelong
learning mechanism. The source code of this simulator is provided in
Supplementary Materials A.

The purpose of this simulation is to assess the effects of the pro-
posed lifelong learning mechanism under two distinct environmental
conditions: one aisle with long-lasting obstacles and the other aisle with

short-lived obstacles. Within this controlled setting, we evaluate three
different decay rate configurations.

4.1.1. Three distinct decay rate configurations

Six AMRs are deployed to perform navigation tasks under three
decay rate configurations: Transient, Permanent, and Adaptive. In the
Transient configuration, the decay rate of the Obstacle Influence model
is fixed at 1.0. Obstacle-occurrence information is added and then
almost immediately removed from the costmap, so AMRs can traverse
the aisle as soon as the obstacle is absent. In the Permanent config-
uration, the decay rate is set to a near-zero value (I x 107%). Once
an obstacle is recorded, its trace never fades, and the aisle remains
blocked until the costmap is cleared manually. The Adaptive approach
begins with a decay rate of 1.0 and gradually adjusts it over time
through lifelong learning, dynamically determining how long obstacle-
occurrence information remains on the costmap, based on each region’s
characteristics. Fig. 6 visualizes the learned decay rates of the Adaptive
method in the simulator. Regions closer to red indicate decay rates near
0, while regions closer to blue indicate decay rates near 1.

Notably, the Transient and Permanent settings resemble common
behaviors in the default ROS 2 Nav2 stack. In real-world deployments,
when an AMR encounters an obstacle in environments such as narrow
aisles with limited sensor visibility, the associated cost often remains
in the costmap indefinitely—unless the region is explicitly revisited.
This behavior is analogous to the Permanent case. To address this,
users sometimes invoke the built-in ClearEntireCostmap service
call, which instantly removes obstacle-related traces on the costmap,
yielding behavior similar to the Transient case. In contrast, the pro-
posed Adaptive approach offers a balanced, feedback-driven alterna-
tive. Rather than relying on static solutions, it learns to retain or remove
obstacle-related traces over time based on accumulated environmental
interactions.
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Fig. 5. Route details (a) lift-model paths through the long-lasting (red) and short-lived (green) obstacle aisles; (b) start/goal points for each DeliveryRobot in the

long-lasting aisle; (c) start/goal points in the short-lived aisle.

Fig. 6. Learned decay rate produced by the Python simulator.

4.1.2. Task throughput analysis

Fig. 7(a) illustrates how the total task throughput — the sum of tasks
completed in the long-lasting obstacle aisle and the short-lived obstacle
aisle, averaged over each 1800 s window — varies throughout the
experiment, providing an intuitive view of how productivity changes.
During the initial warm-up phase, the Adaptive method exhibits low
task throughput due to insufficient data on obstacle patterns. How-
ever, the AMRs accumulate sufficient observations to allow the system
to effectively learn the optimal decay rate of the Obstacle Influence
model for each region. As a result, the Adaptive approach demonstrates
consistently superior performance (green line in Fig. 7(a)). Notably, it
also exhibits a narrower standard-deviation band — the shaded ribbon
indicating +0.5 standard deviations around the sliding-window mean
— than the Transient approach, indicating robust adaptability.

The Transient method, which quickly erases obstacle traces, fre-
quently suffers performance fluctuations due to reactive detours and
stalls caused by unexpected obstacle encounters—disruptions that be-
come even more pronounced when AMRs confront long-lasting obsta-
cles (red line in Fig. 7(b)). However, it can often select the shortest
path when short-lived obstacles are present, yielding high average task
throughput (red line in Fig. 7(c)). In contrast, the Permanent method
retains obstacle traces almost indefinitely after a single observation.
This results in overly conservative behavior, with AMRs persistently
avoiding the corresponding regions — even after the obstacle has
disappeared — leading to consistently low task throughput (blue lines
in Fig. 7(b) and (c)). The Adaptive method continuously learns the
obstacle patterns and dynamically adjusts the decay rate of the Ob-
stacle Influence model. Consequently, the proposed Adaptive method
minimizes direct encounters with obstacles and reduces unnecessary
detours. This approach not only improves task throughput but also
improves stability in dynamic operational scenarios.

4.1.3. Travel time analysis

Fig. 8(a) shows how the mean travel time — averaged over tasks
completed in the long-lasting obstacle aisle and the short-lived obstacle
aisle during each 1800 s window — varies over time. Because the same
factors that increase productivity in Section 4.1.2 are at work here,
the Adaptive method achieves the shortest travel time (green line in
Fig. 8(a)). Furthermore, the preceding task throughput analysis offers

an intuitive, high-level perspective, but the remainder of this section
provides a more granular examination of how each decay rate config-
uration separately shapes travel-time performance under long-lasting
and short-lived obstacle scenarios.

Fig. 8(b) shows the change in the average travel time in the long-
lasting obstacle scenario. When an unexpected obstacle appears, the
Transient approach — lacking obstacle-occurrence information on the
costmap — causes the AMRs to reattempt the blocked path repeatedly
until the obstacle disappears completely. This results in frequent replan-
ning and delays — replanning storms — leading to wide standard-
deviation bands and significant spikes in travel time during obstacle-
active intervals (red line in Fig. 8(b)). In the Permanent configuration,
previously detected obstacles are always treated as active because of
their persistent presence in the costmap. Consequently, AMRs must
consistently choose detour routes regardless of whether the obstacle
has disappeared, resulting in unnecessarily long paths (blue line in Fig.
8(b)). As the obstacle-occurrence interval increases, this conservative
behavior becomes increasingly inefficient.

Fig. 8(c) illustrates the change in the average travel time in the
short-lived obstacle scenario. As obstacles appear only briefly and van-
ish quickly, replanning storms have little impact. However, this setting
brings another issue to the forefront: phantom detours—unnecessary
avoidance of regions where obstacles are no longer present. The Tran-
sient approach avoids phantom detours entirely, as it clears obstacle-
related traces from the costmap almost immediately. As a result, it
maintains favorable travel times on average, with only minor delays
caused by a brief obstacle-occurrence (red line in Fig. 8(c)). In con-
trast, the Permanent approach persistently avoids any region where
an obstacle has previously been detected, regardless of whether the
obstacle still exists. While this strategy yields consistent travel times by
avoiding stalls, it introduces phantom detours in environments leading
to unnecessarily longer paths than those produced by the Transient
approach (blue line in Fig. 8(c)).

After approximately 3000 s, the Adaptive approach begins to lever-
age accumulated memory, resulting in a sharp reduction in travel time
(as shown in Fig. 8). Furthermore, during obstacle-free intervals, AMRs
can consistently select the optimal path without phantom detours.
When obstacles appear, they can avoid falling into replanning storms.
The Transient method can be interpreted as having an extremely short
memory, whereas the Permanent method retains an extremely long
memory. Fixing the memory duration in this way may be beneficial for
certain obstacle patterns but can lead to suboptimal navigation in oth-
ers. In contrast, the proposed Adaptive method learns the appropriate
memory duration based on actual AMR navigation experience, enabling
it to make optimal decisions across different obstacle patterns.

4.1.4. Robustness to sudden obstacle pattern shifts

As a supplementary experiment presented in this section, we eval-
uate the robustness of the proposed framework by stress-testing its
lifelong learning mechanism against abrupt obstacle pattern shifts.
Even after the system has fully converged on the optimal decay rate for
the initial obstacle pattern, we suddenly introduce a completely differ-
ent pattern and observe whether the framework can rapidly re-adapt
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Fig. 9. Average task throughput under sudden obstacle pattern shifts for the three decay rate configurations (a) sum of averaged tasks completed in an environment
that alternates between long-lasting and short-lived obstacles; (b) sudden transition from long-lasting to short-lived obstacles; (c) sudden transition from short-lived

to long-lasting obstacles.

and maintain stable performance. Specifically, two types of sudden
transitions are considered: a region that initially contains long-lasting
obstacles and later transitions to short-lived obstacles, and the opposite
case where short-lived obstacles transition to long-lasting obstacles. We
simulate these two scenarios in which the obstacle patterns switch at
a random point after 15,000 s, and examine how each method adapts
to this transition. After the switch, we jointly analyze task throughput
and travel time across the three decay rate configurations to provide a
comprehensive assessment.

Fig. 9(a) illustrates how the total task throughput — the sum of
tasks completed in both aisles, averaged over each 1800 s window
— changes over time, providing insights into how productivity varies
as the environment alternates between long-lasting and short-lived
obstacles. Before the switch, all three methods perform as described
in Section 4.1.2. After the pattern change, the Adaptive method experi-
ences only a brief dip, quickly relearns an appropriate decay rate, and
then returns to its earlier high performance (green line in Fig. 9(a)).

The Transient approach improves task throughput when the obstacle
pattern shifts from long-lasting to short-lived, but its throughput drops
sharply when the shift is reversed—mirroring the behavior explained in
Section 4.1.2 (red lines in Fig. 9(b) and (c)). In contrast, the Permanent
approach remains consistently conservative, producing persistently low
throughput in every scenario (blue lines in Fig. 9(b) and (c)). Because
the Adaptive framework continuously updates the decay rate of the
Obstacle Influence model, it ultimately sustains the highest productivity
despite abrupt pattern changes. The next subsection analyzes travel
time to explain in detail how each decay rate configuration performs
under switches between long-lasting and short-lived obstacle regimes.

Fig. 10(a) shows how the mean travel time — averaged over tasks
completed in an environment that alternates between long-lasting and
short-lived obstacles during each 1800 s window — varies over time.
Whenever the obstacle pattern switches between long-lasting and short-
lived, the Adaptive approach responds in a manner consistent with the
dynamics observed in task throughput: immediately after the pattern
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shift, travel time spikes briefly, but as new data accumulate, the learned
decay rate stabilizes and performance returns to a steady, favorable
level (green line in Fig. 10(a)). Fig. 10(b) shows a case that starts with
long-lasting obstacles and later switches to short-lived ones. During
the initial phase, the Transient method suffers frequent stalls caused
by prolonged blockages, producing wide standard-deviation bands and
elevated travel time—exactly as observed in Section 4.1.3. After the
pattern change, the short duration of the obstacles reduces stall fre-
quency, and the Transient method’s travel time settles below that of
the Permanent method. By contrast, the Adaptive method experiences
phantom detours due to residual avoidance behavior learned from the
prior long-lasting obstacles. However, this does not trigger severe stalls
or repeated replan cascades, and as a result, it avoids the extreme spikes
seen in Fig. 10(c). This illustrates that the proposed lifelong learning
mechanism can dynamically adapt — without significant time overhead
— even when obstacle durations decrease abruptly.

Fig. 10(c) illustrates the other case that initially contains short-
lived obstacles and later switches to long-lasting ones. During the early
phase, the Permanent approach unnecessarily avoids areas where the
obstacle has already disappeared, resulting in a higher average travel
time than the other methods. After the pattern change, the Transient
approach experiences a sharp rise in travel time and a significant
widening of its standard-deviation band, due to stalls triggered by
frequent replanning in response to long-lasting obstacles. In contrast,
the Adaptive method initially also exhibits a spike in travel time due to
replan cascades, but quickly stabilizes as it learns the changed obstacle
patterns.

These results demonstrate that the Adaptive method is effective
not only in responding to decreases in obstacle duration but also
autonomously adjusting to increased obstacle persistence, dynamically
refining its behavior over time based on learned obstacle patterns. Our
approach is analogous to the mechanism in reinforcement learning,
in which the policy is updated at the end of each episode based on
the received reward. Rather than directly learning actions or motion
policies, we retain the existing path-planning algorithm and instead
learn to adjust a parameter of the Obstacle Influence model. This design
eliminates the need to train or maintain large parameter sets typically
required for complex behavioral policies. We incrementally refine a
single parameter, the decay rate 4, which governs the temporal persis-
tence of obstacles. This parameter is updated over time in response to
task outcomes, effectively serving as a reward-driven adaptation mech-
anism. This approach allows the system to integrate the experiences of
distributed and independent AMRs into a shared influence model, while
avoiding the need for complex learning algorithms or extensive sensor
data.

4.2. Gagebo-based simulation evaluation

In this section, we validate the performance of the proposed Coop-
erative Costmap with Lifelong Learning framework using the Gazebo

simulator. The source code used to construct this simulator is pro-
vided in Supplementary Materials A. The objective is to evaluate the
effectiveness of the learned region-specific decay rate, as established in
Section 4.1. As illustrated in Fig. 11, obstacle-occurrence is reflected
in the costmap. The Transient and Permanent methods approximate
the behaviors observed in the standard ROS 2 navigation stack, as
mentioned in Section 4.1.1.

As discussed in Section 4.1, we refer to the proposed framework as
Adaptive. In the Gazebo simulation setup, a lift model — serving as an
unexpected obstacle — moves along either a long-lasting obstacle aisle
or a short-lived obstacle aisle. We evaluate the performance of Adaptive
using the Gazebo simulator, comparing it against two fixed decay
rate baselines: Transient and Permanent. For the long-lasting obstacle
aisle, we compare Adaptive with Transient, since Adaptive has learned
to apply a slow decay rate, whereas Transient uses a contrastingly
fast decay rate. In this experiment, each AMR (DeliveryRobot) starts
from a predefined location and navigates to its goal (Fig. 5(b)). As
shown in the resulting navigation paths (Fig. 12(b) and (d)), Adaptive
makes a decision to proactively detour around the obstacle when it
is present for prolonged persistence. In contrast, Transient makes a
decision that attempts to pass directly through the obstructed aisle and
repeatedly retries the blocked path, as it lacks the ability to retain
obstacle-occurrence information. In particular, Fig. 12(b) illustrates the
momentary replanning behavior of the Transient method: whenever
an obstacle is encountered, the AMRs replan and, shortly after, reat-
tempt the blocked path multiple times until the obstacle completely
disappears. This leads to a longer travel time and distance and ul-
timately to fewer completed tasks in the same amount of time. For
the short-lived obstacle aisle, we compare Adaptive with Permanent,
since Adaptive has learned to apply a fast decay rate, while Permanent
uses a contrastingly slow decay rate. The DeliveryRobot starts from
a start point and attempts to reach the goal point (Fig. 5(c)). The
resulting paths (Fig. 12(f) and (h)) show that Adaptive makes a decision
to intelligently enter aisles where obstacles were previously present
but have since disappeared, based on learned patterns, thus reducing
overall navigation time. In contrast, Permanent makes the AMR avoid
the aisle unnecessarily, even after the obstacle has disappeared. This
results in an increase in travel time and distance and, again, fewer tasks
completed at the same time. Detailed AMR behaviors for each method
are available in Supplementary Materials B.

4.3. Performance analysis

Table 2 presents a quantitative performance analysis of the three
approaches — Transient, Permanent, and Adaptive — after the learning
process stabilizes (that is, + > 5000 s). Route O is the start-to-goal
path through the long-lasting obstacle aisle, while Route 1 is the start-
to-goal path through the short-lived obstacle aisle. We define four

categories based on the travel time for task completion: G1, which
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Table 2
Performance of Transient, Permanent, and Adaptive strategies on Routes 0 and 1.
Model Route G1 (£755s) G2 (=765) G3 (77-1405s) G4 (>1405s) Journey time (s) Tasks
P (%) T (s) P (%) T (s) P (%) T (s) P (%) T (s) Mean Std.
Transient 0 86.48 70.00 0.00 - 0.00 - 13.52 332.73 105.52 91.76 355
1 91.43 70.01 0.00 - 6.43 112.96 2.14 148.33 74.45 15.68 420
Permanent 0 0.00 - 100.00 76.00 0.00 - 0.00 - 76.00 0.00 366
1 0.00 - 100.00 76.00 0.00 - 0.00 - 76.00 0.00 365
Adaptive 0 89.02 70.01 2.39 76.00 7.40 102.19 1.19 174.40 73.78 14.88 419
1 95.33 70.00 0.23 76.00 3.50 99.13 0.93 162.50 71.90 11.03 428
=1 L =i = —_— 1= » Adaptive increases G1 utilization to approximately 95.3%, sup-
‘ ‘ — a | = 7] presses.G4 to approximately 0.9%, achie.x/es the best average
J : _ - /| : O il travel time of 71.9 s, and completes the highest number of 428
{ . ‘ | ) : ] tasks.
ﬁ =0 €l @ = @ €
(] = (@ [ 0 = 0 By continuously updating the decay rate of the Obstacle Influence
[7 E— —— i | = ——— = (i | model in a lifelong learning manner, the Adaptive approach effec-
= b =1 b tively balances risk and opportunity. Through a flexible combination
(a) (b) of shortest-path traversal and selective detouring informed by learned

Fig. 11. (a) the default configuration of a costmap; (b) the proposed costmap
version with the Obstacle Influence Layer added.

covers tasks completed within 75 s through a direct traversal via the
shortest path; G2, for tasks completed in exactly 76 s by following
a pre-planned detour; G3, encompassing tasks finished in 77-140 s
due to partial abrupt detours and real-time replanning; and G4, which
includes tasks requiring more than 140 s, reflecting significant delays
caused by repeated avoidance or stalling. We denote the proportion of
tasks completed within each time range as P and the corresponding
average travel time as T. Across both routes, the Adaptive model
demonstrates the highest task throughput and the lowest average travel
time compared to other approaches. Specifically, it increases total tasks
completed by up to 18.0% and reduces travel time by up to 30.1%.
These gains stem from (i) the highest utilization of the shortest path
(G1, averaging about 92%) and (ii) the suppression of stalling (G4) to
approximately 1%. The detailed analysis is as follows.

In the long-lasting obstacle aisle, where obstacles persist and block
the shortest path for extended durations:

+ Transient fails to anticipate prolonged blockages, resulting in a
G4 ratio of approximately 13.5%, an increased average travel
time of approximately 105.5 s, and the completion of 355 tasks
over 30,000 s.

Permanent, by always choosing a detour (G2 = 100%), avoids
stalls but cannot exploit available shortest-path opportunities,
leading to an average travel time of 76.0 s and the completion
of 366 tasks.

Adaptive effectively learns obstacle patterns, achieving the high-
est G1 ratio (approximately 89.0%), selectively detouring (G2 +
G3) only when necessary. It suppresses G4 to 1.2%, records the
lowest average travel time of approximately 73.8 s, and achieves
the highest task completion count of 419.

In the short-lived obstacle aisle, where obstacles disappear quickly
and AMRs are relatively less prone to stalls:

+ Transient shows reduced stalling (G4 ~ 2.1%), significantly im-
proves its average travel time to approximately 74.5 s, and com-
pletes 420 tasks.

» Permanent continues to always detour, maintaining a fixed av-
erage travel time of 76.0 s and completing 365 tasks.

obstacle patterns, it consistently maximizes task throughput and min-
imizes travel time in response to obstacle dynamics. Statistical testing
confirms that these improvements are far from incidental. A Welch
ANOVA across the three methods shows a highly significant effect on
journey time for both routes (Route 0: Welch F = 26.87, p < 0.001;
Route 1: Welch F = 9.34, p < 0.001).

These statistically robust gains translate into tangible productiv-
ity. Assume that operators always pick the best fixed strategy for
each obstacle pattern—Permanent for long-lasting environments and
Transient for short-lived environments. Even against this idealized
mix and within the same 8-h shift using three AMRs, the proposed
Adaptive strategy completed 61 additional missions, an increase of
about 7.8%. That corresponds to roughly 20 extra tasks per AMR. This
gain arises because the Adaptive planner flexibly combines shortest-
path traversal with learned, selective detours, effectively suppressing
congestion-induced delays. In real deployments, where obstacle pat-
terns can change and the ideal strategy cannot be predetermined, the
advantage of the Adaptive method becomes even more pronounced.

5. Conclusion

This paper proposes the Cooperative Costmap with Lifelong Learn-
ing framework to enhance multi-AMR navigation in dynamic indus-
trial environments characterized by unpredictable obstacle patterns.
Inspired by social-network theory, we model the temporal influence of
obstacle-occurrence through the Obstacle Influence function, enabling
navigation decisions without prior knowledge of obstacle patterns. The
simulation results demonstrate that, relative to the behavior of the
Transient and Permanent strategies — which replicate the default ROS
2 navigation stack — the proposed framework achieves up to 18.0%
improvement in task throughput and a 30.1% reduction in average
travel time, validating its practical benefits for multi-AMR systems.

The primary goal of this study is to evaluate how effectively the
proposed framework keeps AMRs moving when an unexpected obstacle
blocks their global path and would otherwise force a detour or stall.
Collaborative information sharing is a powerful paradigm for boosting
system performance [22,23,48], and we exploit this principle in mobile-
robot navigation. Implemented as a lightweight plug-in on top of the
standard ROS 2 Nav2 stack, the cooperative framework can be deployed
immediately on any robot already running Nav2. All low-level collision-
avoidance responsibilities remain with Nav2’s Dynamic-Window-Based
(DWB) local planner, so developers can add the Cooperative Costmap
without altering proven safety components or worrying about inter-
robot collisions. If an AMR itself becomes an ‘unexpected obstacle,’
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Fig. 12. AMR (DeliveryRobot) trajectory comparisons in Gazebo and RViz (a-b) Transient; (c—d) Adaptive; (e-f) Permanent; (g-h) Adaptive.

the framework simply treats it like any other obstacle, requiring no
additional logic for robot-robot interactions.

As the framework shares obstacle information among AMRs, its
advantages scale with fleet size—larger teams gain wider coverage
and plan more efficient routes. Future work will therefore strengthen
the Cooperative Costmap for high-density deployments by modeling
and mitigating three practical limits: (i) physical congestion in narrow
aisles, which can overload the local planner, (ii) network-level stress
from frequent obstacle broadcasts, which may cause broadcast over-
head and increase both latency and bandwidth usage [49], and (iii)
instability of the learning process, which may arise in environments
where obstacle patterns change frequently. Evaluating and optimizing
these aspects in real warehouse testbeds will be the next step toward
large-scale, production-ready adoption.
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Appendix A. Supplementary material

A.1. Project repositories

You can access the GitHub repositories related to this paper below:

» Gazebo Simulator for Cooperative Costmap
+ Lifelong Learning of Obstacle Influence

A.2. Supporting video

You can access the video related to this paper below:

» Cooperative Costmap with Lifelong Learning Framework — Demon-
stration Video

Data availability

Data will be made available on request.
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