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Abstract— Urban mobility can often be categorized as a
complex system—e.g., a nonlinear system composed of many
interacting components with interdependent relationships. The
growing trend towards shared, lightweight, and autonomous
vehicles requires planning solutions that are less centralized
and can manage the increasing complexities of new mobility.
This research investigates planning strategies for shared micro-
mobility systems, focusing on shared autonomous bicycles. Ve-
hicle rebalancing within such systems poses a critical technical
challenge and has substantial environmental and economic im-
plications. To tackle this challenge, we propose a fully decentral-
ized approach that allows autonomous bicycles to rebalance in a
self-organizing manner via stigmergy, a bio-inspired mechanism
for indirect communication. While the bicycles autonomously
navigate their urban environment, they locally update RFID
tags at intersections, leaving virtual pheromone trails that
collectively guide each other toward high-demand areas. The
efficacy of our approach is assessed through a realistic agent-
based model of Cambridge, MA (USA). Results highlight the
capacity of autonomous bicycles to rebalance in a self-organized
manner, using strictly decentralized local communication, while
significantly reducing the average user wait time compared
to no rebalancing and random rebalancing. These findings
emphasize the feasibility and potential of decentralized planning
strategies in handling complexity within new mobility systems.

I. INTRODUCTION

Modern urban transportation networks are composed of
many interacting components that often give rise to a non-
linear behavior with many feedback loops [1]. Current re-
search points towards electrification, sharing, autonomy, and
lightweight design as key characteristics of future mobility
platforms, leading to new modes such as shared autonomous
micro-mobility services, including bicycles, tricycles, and
scooters [2]-[7]. It is expected that these novel micro-
mobility services will further increase the complexity of
urban mobility systems and will require planning solu-
tions that are flexible, adaptable, and robust [8]-[10]. Many
existing methods optimize centralized, analytical planning
solutions, which might not be transferable to highly complex
transportation systems with large numbers of vehicles and a
demanding real-time component [11]-[15]. Therefore, new
solutions are needed.

Fully decentralized vehicle rebalancing poses a great oper-
ational challenge and has rarely been studied in shared micro-
mobility services [16]-[18]. The rebalancing problem results

from unbalanced user travel patterns that cause vehicles to
accumulate in some areas while others get depleted [18],
[19]. In current deployments, rebalancing is usually accom-
plished by human operators manually redistributing vehicles
throughout the city in vans or trucks, according to centralized
analysis and planning, with a very high environmental and
economic impact [20], [21].

Within the field of shared micro-mobility, studies have
addressed different strategies to tackle the rebalancing prob-
lem. In the case of bicycle sharing systems, previous studies
have used static as well as dynamic methods for manual
rebalancing in station-based [22]-[26] and dockless sys-
tems [27]-[30]. In static manual rebalancing strategies, vehi-
cles are transported at night, during low-usage periods, while
in dynamic manual rebalancing, vehicles are redistributed
during the day while users utilize the vehicles. Some studies
have also proposed hybrid manual rebalancing strategies that
combine operator rebalancing with incentive-based user re-
balancing. In these hybrid strategies, users receive monetary
rewards for making trips that balance the system [31]-[33].

Looking into the future, however, self-driving vehicles
represent a promising approach to tackling the rebalancing
problem because vehicles could autonomously redistribute
themselves to the locations where they are most needed. Sev-
eral recent studies have proposed a diverse set of autonomous
vehicle rebalancing methods for fleets of self-driving cars
and taxis [34]-[40]. Nevertheless, very few studies have ad-
dressed autonomous rebalancing in micro-mobility systems
(e.g., shared bicycles, tricycles, or scooters) [5], [7].

A. From centralized to decentralized systems

A common characteristic of existing rebalancing meth-
ods is that they rely on centralized planning. However,
centralized urban transportation systems are often restricted
in terms of scalability, suffer from bottlenecks and single
points of failure, and pose greater risks in terms of potential
data breaches [12], [15], [40], [41]. On the one hand, the
introduction of autonomous self-driving vehicles can increase
the complexity of urban mobility systems by making the
fleets of vehicles more challenging to coordinate [9], [10]. On
the other hand, it brings new opportunities regarding vehicle
interactions and how these interactions impact system-level
behavior. For instance, autonomy will provide vehicles with



the ability to communicate with other vehicles, citizens, and
the urban infrastructure, as well as the agency to make
decisions based on this communication [42], all of which
can lead to new types of collective behavior [43].

Mature research fields such as swarm robotics have been
proposing decentralized solutions for the past 30 years: au-
tonomous robots can use simple behaviors and decentralized
communication to self-organize group-level behaviors (e.g.,
to allocate tasks, aggregate, or transport objects coopera-
tively [44]-[48]). These self-organized systems have been
shown to be scalable, robust, and adaptive to variations in
the environment. These characteristics are critical for future
urban mobility systems since they will be required to show
robust and adaptive responses to complex and unforeseen
scenarios such as unprecedented demand patterns, vehicle er-
rors, or server failures [8], [12]. In this regard, there has been
some initial research on the application of swarm intelligence
mechanisms to urban mobility scenarios, such as bio-inspired
stigmergy (i.e., indirect communication between agents using
modifications to the environment, such as by leaving trails
of pheromones). For instance, [49] proposed a stigmergy-
based network for tourists that generates pheromone paths
leading to places with high attractiveness, and [50] presented
a stigmergy-based model to infer urban areas of high activity
from positioning data. Regarding the routing of autonomous
vehicles, [51] presents a stigmergy-based system for au-
tonomous shared tricycles to collect urban trash.

B. Bio-inspired decentralized rebalancing for autonomous
shared bicycles

Inspired by the field of swarm robotics, this article pro-
poses a bio-inspired decentralized method for vehicle rebal-
ancing in fleets of autonomous micro-mobility. In the pro-
posed system, shared autonomous bicycles rebalance them-
selves in a self-organized and demand-responsive way. The
proposed rebalancing method is based on stigmergy so that
bicycles can coordinate without a centralized communication
system [52], [53]. In other words, as bicycles autonomously
identify user demand, they leave virtual pheromone trails via
RFID tags located at road intersections to collectively guide
each other towards high-demand areas. The results of this
study demonstrate that the proposed system can significantly
reduce wait times for users, compared to random autonomous
rebalancing or no rebalancing, consequently improving user
experience. The rest of the paper is structured as follows.
Section II describes the agent-based model of an urban
environment built for this study. The experimental setup and
its simulation process are outlined in Section III. Section IV
presents the study’s results, followed by a discussion in
Section V and conclusions in Section VI.

II. URBAN MOBILITY SWARMS: A MULTI-LAYER
AGENT-BASED MODEL

The performance of the proposed system has been eval-
uated through a multi-layer agent-based simulation. Agent-
based models have gained significant popularity as a means

Q.

Users call
for aride

Bike returns to
autonomous mode

User rides to any
destination

Autonomous
bike arrives

Interactions
across layers
—

Fig. 1. Model behaviors, layers, and interactions. (i) Use of shared
autonomous bicycles as a mobility-on-demand system. First, users call for
bicycles through a mobile app. Second, the bicycles drive to pick up the user.
Third, the users ride the bicycles to their destinations. Finally, the bicycles
return to autonomous mode. (ii) Multi-layer architecture of the model: (A)
Urban infrastructure (buildings, roads, charging stations), (B) Autonomous
bicycle fleet, and (C) User demand.

of analyzing the meso- and macroscopic dynamics in mo-
bility systems due to their capability to analyze behaviors
arising from the interactions among diverse entities such as
vehicle fleets, users, and infrastructure [54].

The model represents the behavior of shared autonomous
bicycles as a mobility-on-demand system (Fig. 1 i). First,
users call for a ride through a mobile app. Second, the bicycle
drives autonomously to the user’s location. Third, the user
rides the bicycles to their desired destination. Finally, once
the user disembarks at the destination, the bicycle returns
to autonomous mode to pick up the following user, drive
towards higher-demand areas, or go to a charging station.
Three essential layers are needed to model this behavior in
a multi-bicycle system, which are detailed in the following
subsections: A) the urban infrastructure, B) the fleet of
shared autonomous micro-mobility bicycles, and C) the user
demand. This multi-layer representation shows the different
behaviors and interactions occurring across our system, such
as bicycles interacting with urban infrastructure, users asking
for a bicycle ride, or bicycles going to a charging station
(Fig. 1 ii).



A. Urban infrastructure

The city is instantiated through geospatial data, which con-
tains the road graph and buildings’ shapefile data. These two
datasets are used to recreate the urban infrastructure layer
(Fig. 1iiA). In our model, bicycles use the road network
to travel around the city. Similarly, users start and end their
trips in buildings and use the road network during these trips,
simulating human behavior patterns such as the commute to
work, shopping for groceries, or leisure trips, among others.
Complementarily, the model contains urban infrastructure
related to the operation of the autonomous micro-mobility
system, specifically, charging stations (Fig. 1ii A). For this
study, charging stations are considered battery swapping
stations to minimize the impact of station charging capacity
and bicycle charging time on the global system performance.

B. Autonomous bicycle fleet

The next layer of our proposed model is the one containing
the shared autonomous bicycle fleet (Fig. 1iiB). In this
section, first, we will describe the behavior of single bicycle
agents. Then, we will describe the way bicycles communicate
indirectly using stigmergy.

Initial State
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Fig. 2. Diagram depicting the bicycles’ behavior as a finite-state machine
(FSM). Bicycles initially wander around the city. They pick up users
autonomously, and then users ride them to their destination. During this
process, the bicycles use stigmergy as an indirect communication method.
Once a bicycle drops off a user, it goes back to wandering. While wandering,
if a bicycle’s battery drops too low, it will go to a charging station.

picking up

1) Bicycle behavior: The diagram in Fig. 2 depicts the
behavior of the bicycles, which is defined as a finite-state
machine (FSM). All bicycles are initially in the wandering
state. In this state, each bicycle will wander around the target
urban area guided by the information previously left by all
bicycles collectively. The bicycles read the information of
the RFID tags located at the road intersections (Fig. 1iiB)
and follow the road with the highest demand (more details
in Sec. II-B.2). Bicycles transition from the wandering state
to the picking up state when they get a rider call. In the
picking up state, bicycles will navigate to the rider’s pick
up point. They transition to the in use state (which includes
transiting out of self-driving mode into manual mode) once
they have reached their rider. While a bicycle is in the
in use state, a user manually drives it to a destination. A
bicycle transitions back to the wandering state once its rider
completes the trip and disembarks. When in the wandering
state, bicycles may also transition to the low battery state if
their battery drops below a set threshold (in this case, when
they reach 25% of battery capacity). The FSM is designed
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Fig. 3. Real-time snapshot of the simulation model showing the stigmergic
behavior in the bicycle fleet. User demand (green dot), RFID tags (blue
dots; darker blue indicates higher pheromone level), bicycles depositing
pheromones while picking up a user or in use (blue triangles), wandering
bicycles guided by pheromones (pink triangles). A video describing the key
takeaways of this research is available here: https://bit.ly/305wYEe

so that riders’ trips will not be interrupted by bicycles
redirecting toward charging stations. In the low battery state,
a bicycle immediately seeks out the nearest charging station
and transitions to the charging state when it arrives at the
station. In the charging state, a bicycle idles at the charging
station. A bicycle transitions back to the wandering state
once its battery has been swapped.

2) Stigmergic behavior: While wandering, the au-
tonomous bicycle fleet communicates in a decentralized and
indirect way using a stigmergy algorithm (Fig. 3). Stigmergy
is a decentralized process that allows agents to communicate
indirectly using environmental modifications, cooperating
without any centralized coordination [52]. In nature, social
animals (e.g., bees, ants) use stigmergy by, for instance,
leaving trails of chemical pheromones in the environment.
In this paper, stigmergy is achieved by locally storing and
updating virtual pheromones in RFID tags located at road
intersections analogously to [51]. Vehicles can read and
write information from the RFID tags, such as unique IDs,
timestamps of the last update, virtual pheromone levels for
each intersecting road direction, and location of the closest
charging station. Each time a bicycle passes through an
intersection, there is a two-way interaction. Vehicles read the
RFID tag and update the stored pheromone information ac-
cording to evaporation, diffusion, and marking mechanisms,
inspired by natural pheromones:

Evaporation: When a bicycle reaches a tag, it reads the
timestamp and pheromone values of the last write operation.
As a first step, it decreases all pheromone values according
to a predefined evaporation rate and time elapsed from the
last update, as follows:

P,. =P, —E x(t—1t), (1)

where P, , is an updated pheromone at the current time
t, t' is the timestamp of the last write operation, Pt’ is a
pheromone level in ¢/, and F,. is the evaporation rate.
Diffusion: After the evaporation process, a diffusion pro-
cess is used. The goal of the diffusion process is to dilute



each intersection’s pheromone levels among neighboring
intersections, increasing the probability of bicycles finding
the highest pheromone levels. The bicycle updates the tag’s
pheromone values based on the information it read at the last
intersection, such that

Pd,t = Pu,t + D’r * Pread,mam (2)

where P, is a pheromone after the diffusion update, D,
is the diffusion rate, and P 4, represents the maximum
pheromone value read at the previous intersection.
Marking: Lastly, if the bicycle is doing a pick-up or in
use, it will mark the RFID tags by increasing a pheromone
value to help guide bicycles toward user demand, as follows:

Pt:Pd,t+PM7 (3)

where PM is the pheromone level that a single bicycle can
leave when marking its trail, and P, is the new updated value
that will be stored at the RFID tag, alongside the timestamp
of the operation. Only the pheromone value associated with
the direction that the bicycle is coming from is updated in this
step. For pheromone values associated with other directions,
P t — P d,t-

It is important to note that when bicycles wander, they
choose their routes according to the pheromone levels read
from the RFID tags (Fig. 3). When a bicycle arrives at an
intersection, it will continue along the street with the highest
pheromone level. However, the bicycles might randomly
choose a direction with a probability inverse to a predefined
exploitation rate (X,.). This process is called exploration and
is intended to prevent agents from getting stuck at local
optima, e.g., causing a bicycle to non-optimally confine itself
to a specific area (see Sec. V).

C. User demand
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Fig. 4. Diagram depicting user behavior as an FSM. A user is initially
in idle state, then requests a ride at a departure time, walks to meet the
bicycle at an intersection, rides to the intersection closest to the destination,
and walks from the intersection to the final destination.

The users of our system (Fig. 1iiC) are also modeled
through a FSM, as depicted in Fig. 4. In this FSM, users
initially start in idle state. In idle state, users have no
destination (i.e., this happens during the time a user is at
home or at work). Idle users will transition to requesting bike
state when they have a departure time. In the requesting bike
state, the user is waiting for an available bicycle. In the walk
to bike state, the user walks to its closest road intersection
and waits there for the bicycle to arrive. From the walk o
bike state, users will transition to the riding state when a
bicycle arrives to pick the user up. In the riding state, the

user manually drives the bicycle to an intersection near the
destination. Users transition to the walk fo destination state
after having dropped the bicycle at an intersection near the
destination. In the walk to destination state, users walk to the
destination. Finally, users transition back to idle once they
have reached their destination.

III. EXPERIMENTAL SETUP
A. Modeling software

The agent-based model described in Sec. II has been
implemented in the GAMA platform [55], [56]; an open-
source simulation tool that allows the development of multi-
level agent-based models. GAMA has been used to model
a variety of complex socio-environmental systems such as
pandemic mitigation policies [57], urban decision-making
processes [58], and urban mobility [59]. The code developed
for this study is available on GitHub'.

B. Selected site

Cambridge, MA, USA (Fig. 5i) has been used as the
urban infrastructure layer (Sec. II-A) due to the availability
of shared bicycle usage data [60]. The geospatial data for
this area (roads and buildings) have been obtained through
OpenStreetMap [61].

A i)

Fig. 5. (i) Heatmap depicting the demand density (highest density areas
are shown in violet) and the boundary of the area considered for this study
(Cambridge, MA, USA). (ii) MIT Autonomous Bicycle [2], [6], [62], the
target vehicle used in this paper and simulated in Sec. III. (iii) Top: Manual
driving mode, with the rear wheels folded to act as a single wheel. Bottom:
Self-driving mode, with the rear wheels unfolded for stability.

!GitHub: https://github.com/CityScope/VehicleClustering



TABLE I
SETS OF VALUES FOR EACH PARAMETER IN THE SIMULATION.

Parameter Values Unit Description

Ny [150, 250, 350] -] Number of vehicles
Wy 1, 3, 5] [km/h] ~ Wandering speed
E, [0.05, 0.1, 0.15] [0-1] Evaporation rate
X [0.6, 0.65, 0.7, 0.75, 0.8] [0-1] Exploitation rate

C. Demand modeling

User demand in the simulation is based on public usage
data from the Bluebikes bicycles-sharing system [60] from
October 12, 2019, for Cambridge, MA (Fig. 5 i), which
contains a total of 1458 trips. The data was preprocessed
by applying a randomized distribution function that scatters
the origins and destinations of the trips in buildings within
300m around Bluebikes docking stations, following the
process detailed in [6]. This user-generation process yields
realistic spatiotemporal usage patterns and avoids obstacles
like rivers or highways. The average walking speed of users
was considered 5km/h [63], and their average riding speed
was considered 10.2 km/h [64].

D. Vehicle modeling

The autonomous micro-mobility bicycle considered for
this study is the MIT Autonomous Bicycle? (see Fig. 5 ii-
iii), a vehicle developed at the MIT Media Lab City Science
group that is designed to work as a shared and autonomous
mobility-on-demand system [2], [6], [62]. In addition to the
components needed for autonomous driving, this vehicle
contains a mechanical system that allows the bicycle to
transform into a tricycle during autonomous driving for
lateral stability. When a user manually driving it, the system
is in bicycle mode (see Fig. 5 iii, top). In this configuration,
the two rear wheels act as a single wheel, and the riding
experience remains unchanged from riding a regular bicycle.
In contrast, when the bicycle is driving autonomously, the
bicycle is in tricycle mode (see Fig. 5 iii, bottom). In this
configuration, the wheels separate and provide the necessary
lateral stability for self-driving.

The average speed in self-driving mode was set to 8 km/h,
based on the specifications for the MIT Autonomous Bicycle
project [6]. The battery autonomy was considered 30 km [4].
The location of the stations was determined by a k-means
algorithm that generates locations for the charging stations
based on intersection density. The model includes ten charg-
ing stations, with a capacity of 16 bicycles each. The capacity
of each station is based on the average number and size
of Bluebikes stations in the area under study [60]. The
number of stations are based on vehicle and infrastructure
needs in [6], [65]. The battery-swapping process has been
considered to take 1.85 min; an average of the values
reported in [66] for real stations of different brands.

The value of PM has been set to 0.01, while the value
of D, has been set to 0.5 x X, based on [50]. Lastly, the
number of bicycles (/Vy), wandering speed (W), pheromone
evaporation rate (£,.), and exploitation rate (X,.) are the most

2MIT Autonomous Bicycle: https://bit.ly/3bTXTg3
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Fig. 6. Results for the different configuration parameters: (A) T (i.e.,

average user waiting time measured in minutes) in the pheromone-based
rebalancing scenario, P, (B) Percentage difference in 1" of P over the
nominal scenario, N, (C) Percentage difference in T" of P over the random
rebalancing scenario, R. Yellow boxes highlight the scenario with lowest 7°
for each row (numbered according to Table II).

relevant variables to this study. Consequently, these variables
have been treated as simulation parameters (Tab. I).

IV. RESULTS

In order to analyze the performance of the proposed
approach, the metric chosen was the average time a user has
to wait for a bicycle (T), measured in minutes. To analyze
the proposed approach, we consider three scenarios. First,
the nominal scenario, N, was used as the baseline for this
study, in which bicycles are not rebalanced. Second is the
random rebalancing scenario, R, in which bicycles wander
and choose their directions randomly at each road intersec-
tion. Third, in the pheromone-based rebalancing scenario,
P, bicycles use our proposed stigmergy-based self-organized
rebalancing system.

The results obtained for the different sets of N, Wy, E,.
and X, (Tab. I) can be found in Fig. 6. Results are an
average of 15 independent runs for each parameter set, to
account for stochasticity. This was found to be the number of
runs needed to have reproducible results, and was determined
by analyzing the convergence of T, in 100 repetitions with
identical parameters. Fig. 6 A shows T in P while Fig. 6B



TABLE II
SIMULATION RESULTS INDICATING SYSTEM PERFORMANCE WITH
OPTIMAL F,. AND X, FOR EACH COMBINATION OF N AND W.
SCENARIOS ARE HIGHLIGHTED AND NUMBERED IN FIG. 6.

Fig.7 Parameters Results
id Ny | Wslkm/h] | E, X, | Tplmin] | ATpnl%] | ATp,[%) | Dp/Dn
1 1 0.05 | 0.75 2.90 2.04 -1.46 1.97
2 150 3 0.05 | 0.65 2.91 -1.76 -1.31 4.13
3 5 0.05 | 0.75 2.86 325 2.03 6.29
4 1 0.05 | 0.75 242 473 -1.99 2.66
5 250 3 0.15 | 0.7 2.41 -4.93 -1.16 6.53
6 5 0.05 | 0.75 2.40 -5.69 -1.69 10.45
7 1 0.05 | 0.7 2.19 -3.97 -1.52 3.33
8 350 3 0.1 | 08 2.18 -4.58 -1.91 8.99
9 5 0.05 | 0.8 2.15 -5.80 -1.58 14.72

and Fig. 6 C compare T of P over N and R respectively. In
each plot, the colors map to the range between the maximum
(red) and minimum (blue) value. In addition, in Fig. 6 B
and Fig. 6C, red coloring corresponds with T increasing
while blue coloring corresponds with T’ decreasing. In white
colored cells, there has been no change in 7. Lastly, Tab. II
shows the results for the best performing E, and X, for
each combination of N, and Wy, highlighted with numbered
yellow boxes in Fig. 6.

V. DISCUSSION

As can be observed in Fig. 6 A, T in P ranges between
2-3 minutes. The predominant effect in 7' comes from the
variation in Np. In other words, the greater the number of
vehicles, the shorter the wait times, because the likelihood
of finding an available bicycle in close proximity is higher.

The proposed rebalancing strategy can be assessed by
comparing the P and N scenarios (Fig. 6B). It can be
observed that the T’ decreases significantly in almost all pa-
rameter configurations, reaching reductions of up to 5.8% in
T, showing that the strategy is effective. Only one parameter
combination showed a slight deterioration in service, with
an increase of 0.22% in wait time. This small variation is
considered a consequence of the stochastic nature of the
system, and would be expected to follow the general trend
with an increased number of simulations. The improvement
is most significant in medium or large N,. When vehicles
rebalance, the batteries discharge at a higher rate and bicycles
need to swap their batteries more frequently, consequently
decreasing the number of available bicycles. In medium
and high N, scenarios, the system can afford having some
vehicles charging and still provide low wait times. However,
in scenarios with low N, the reduced availability has a more
significant impact on level of service and, as a consequence,
the proposed rebalancing strategy is less beneficial. At the
same time, for medium and high N, the improvement is
greater in scenarios with higher Ws. This is because faster-
moving vehicles enable the system to be more responsive to
changes in demand.

Comparing the P and R scenarios shows the reduction in
T that is attributable to self-driving rebalancing in general
(even with basic random movement) versus the reduction
attributable specifically to our proposed stigmergic behavior.

As can be observed in Fig. 6 C, these results show a high
dependency on the combinations of parameters. This depen-
dency indicates that, for the stigmergy strategy to outperform
the random scenario, E,. and X, need to be adjusted for each
Ny and W. A similar behavior can be observed in [50].

Parameter tuning is needed because of the different trade-
offs present in complex systems (e.g., exploitation vs. ex-
ploration). For instance, a low FE,. fosters the formation of
pheromone trails that persist over time, guiding the system
towards identified demand areas (i.e., exploitation). However,
if the rate is too low, it can lead to trail saturation, hindering
the system’s ability to explore new paths. Similarly, a low
X, is detrimental to the system’s ability to exploit identified
demand areas, but it helps in exploring new ones (i.e.,
exploration).

As can be observed in Fig. 6, most N, and W combina-
tions perform best with a low E, (0.05), indicating that the
system benefits from having pheromone trails persist for a
longer time. In terms of X, instead, most scenarios benefit
from a medium-high X,, which means that the system
will be effective in exploiting already found paths, but still
keeping some randomness to find new, unexplored solutions.
At the same time, these system-level behaviors can also
depend on N, and W;. For instance, it can be observed
how the scenario with highest NV, and Wj is the one that
most benefits from higher exploitation (£, = 0.8) since
having more vehicles that travel faster, the system is already
exploring more solutions, and therefore, randomness is less
critical.

Tab. II shows the results for each combination of N, and
W, with the best performing F, and X,. In these results,
it can be observed that, once F, and X, are tuned, the P
scenario reduces T in a range of [1.76-5.8]% compared to N
and [1.16-2.03]% compared to R. In Tab. II, the rightmost
column represents the additional distance traveled by the
bicycle fleet in P and R compared to N. It can be observed
that the distances increase significantly with increased W,
particularly for large N,. These results indicate that, while
adjusting the fleet size and wandering speed parameters
of the proposed stigmergy-based rebalancing strategy, one
should consider that increasing the number of bicycles
decreases the wait times, but this might carry economic
and environmental costs. Similarly, increasing the wandering
speed can improve the wait time only slightly and carries
the associated cost of greatly increasing the total traveled
distance.

The proposed approach has two main limitations that
should be noted. First, the evaporation and exploitation rates
must be appropriately tuned to get the desired behavior,
which may be scenario-dependent. Second, the total distance
traveled can increase significantly, especially for high wan-
dering speeds and large fleet sizes. To address this issue,
future work could explore dynamic methods for adjusting the
wandering speed based on the level of pheromones detected.
For example, vehicles could move slowly during periods
of low activity and faster during times of high demand. In
addition to addressing these limitations, future work could in-



vestigate the potential of applying similar decentralized bio-
inspired processes for other tasks such as battery swapping
or task allocation. Furthermore, implementing the developed
algorithm on actual autonomous vehicles and validating it
with real users in urban environments would be an important
step toward practical implementation.

VI. CONCLUSIONS

The current trends in urban transportation systems point
toward electrification, autonomy, and sharing. However, these
solutions are challenging to coordinate in a centralized
manner, and decentralized planning with self-driving vehicles
in shared micro-mobility systems has rarely been studied.
Inspired by work in the field of swarm robotics, this paper
presents a fully decentralized approach for a fleet of shared
autonomous bicycles to self-organize their own rebalancing.
The proposed approach is inspired by natural stigmergy
in social insects and has been analyzed in a multi-layer
agent-based simulation based on real data for an example
urban area. The results indicate that the system is effec-
tive in rebalancing the bicycles in a self-organized way,
significantly reducing the wait times and improving user
experience compared to random rebalancing or the absence
of rebalancing. This study shows that, in order to obtain good
rebalancing performance using our proposed system, the
parameters need to be appropriately tuned. For example, one
important trade-off is that increasing the number of vehicles
or their speed reduces wait times but undesirably increases
the total distance traveled. Overall, the results indicate that
self-organized approaches could be suitable to address the
planning challenges presented by increasingly complex new
mobility systems.
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