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ABSTRACT: Swarm robots have potential in fields like search and rescue, space exploration, agriculture, and many other fields 
that are dangerous to humans or require large areas to be covered. The ability for a swarm to make decisions autonomously without 
a central controller plays a strong part in making them viable to implement in real-world situations. This research explores the 
potential for a hierarchical control method to be applied to the decision-making process by comparing it to a benchmark of a fully 
decentralized voter model-based method. This has been shown to improve performance in other areas of managing swarm robot 
behavior, which motivates this study into its application in collective decision-making. Using the Webots simulator, both of these 
methods were implemented using E-puck robots and compared to each other under the same conditions. The results showed that 
the hierarchical control method did not improve decision-making speed in the swarm measurably, but may have a beneficial effect 
on accuracy, which disproves the hypothesis of this research. The small scale of the simulation due to limitations encountered does, 
however, increase the effect of random noise on the results, which leaves the problem open to further investigation. Such further 
research for this could include the use of larger swarm sizes, more optimized behavioral algorithms, and/or real-world simulations.  
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�   Introduction
Swarm robotics is the area of research into how large num-

bers of robots can cooperate to autonomously solve problems 
and complete tasks without a central controller. The difficulty 
is that without overall knowledge of the swarm, each robot acts 
based only on interactions with its neighbors and the environ-
ment. The idea is that from a swarm of many simple robots, 
complex behavior and abilities can emerge. This draws inspi-
ration from existing structures in nature, such as social insects 
like bees,1 ants, schools of fish, and bird flocking. This leads to 
systems that are more adaptive and robust than single robots,2 
as they can split tasks, replace damaged members, and add or 
lose members. 

Challenges faced regarding the control of robot swarms 
include formation control, navigation, and the problem this 
research focuses on: decision-making, in this case, choosing 
one option out of multiple. In swarm robotics, this is known 
as the best-of-n problem, deciding the best option out of n 
possible ones. Typically, this means the swarm needs to reach 
either full consensus or have a majority agree on one option, at 
a threshold decided by the designer. A well-known example of 
this is the issue of nest-selection, seen in honeybees, which has 
given inspiration to models of the problem in robot swarms.3 
This problem involves deciding the best location for a colony 
to move to out of multiple options, which all have traits that 
decide their quality, such as location, size, vulnerability, etc. 
Similarly, robots may need to decide the best location to gather 
resources in space or prioritize areas to search for injured peo-
ple in emergencies.

Another concept being researched in swarm robotics is 
that of hierarchical control, a hybrid between centralized and 
decentralized control. The weakness of having a central con-
troller is that there is a single point of failure because the single 
entity controlling the entire swarm could be damaged or com-
promised somehow. Reliance on decisions from the central 
controller also leads to reduced autonomy and adaptability to 
the situation, which is valuable in applications such as space 
exploration. The decentralized approach in swarm robotics re-
moves these issues at the cost of being much more complex to 
engineer due to the fact that overall swarm behavior is emer-
gent. This means that said behavior cannot be directly dictated, 
but instead arises from the interactions between individual ro-
bots. Solutions are being created to this problem, such as the 
use of neural networks,4,5 or combining pre-designed behav-
iors that are then fine-tuned.6 Hierarchical control provides a 
compromise where some robots in the swarm hold higher-level 
knowledge or abilities and have control over the lower-level 
members of the swarm, which means overall swarm behavior 
can be more easily controlled, which can also increase perfor-
mance. These robots are part of the swarm and can be replaced 
by any other robot in it, removing the vulnerability to losing 
them. However, there may be potential trade-offs in that the 
selection of these higher-level robots adds complexity to an 
individual robot’s behavior, which might take memory or pro-
cessing power, which is valuable in swarms of smaller robots. 
In systems where the hierarchy cannot be reconfigured, high-
er-level robots would still be points of failure in the system, 
which negates the benefit of decentralized behavior.
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	 In this research, the primary contribution made to 
the field is the proposal that a hierarchical control system, 
which is shown to have improvements in other areas regarding 
the control of robot swarms, can be applied to collective de-
cision-making as well. This could potentially increase speed, 
accuracy, or both. Literature has been gathered to support 
this proposal, and currently, the literature lacks research ex-
ploring the connection between hierarchical control and 
decision-making, which motivates the work done in the study 
here. It will be explored by simulating a collective perception 
problem, where a swarm of robots must decide on a dominant 
feature of the environment. If applying hierarchical control 
to collective decision-making proves effective, the added ef-
ficiency in decision-making would allow complex tasks to be 
solved faster by robot swarms, as well as making the design of 
decision-making behavior simpler by allowing us to avoid the 
difficulty of engineering emergent behavior.

Aims and Objectives:
The objective of this research is to prove or disprove the 

hypothesis that a hierarchical decision-making strategy will 
perform better than the fully decentralized voter model in 
a collective perception task, in terms of accuracy and deci-
sion-making time.

- H₀: The hierarchical decision-making method has no im-
pact on decision-making speed/accuracy.
- H₁: The hierarchical decision-making method has an im-
pact on decision-making speed/accuracy.
To achieve this, we look into the best-of-two problem where 

the swarm decides between two options through experimental 
simulations. The robots, simulated in the Webots simulator,7 
will navigate a floor of black and white tiles and must reach 
consensus on which color makes up the majority of the tiles. 
It applies the concept of hierarchical control structures to 
this with the aim of improving performance in swarm deci-
sion-making. Based on the literature, it is hypothesized that 
the application of a hierarchical control structure will improve 
the performance in decision-making of a swarm of robots as 
compared to a fully decentralized model.

The performance of the strategies will be measured using 
the specific metrics of:

- time to reach consensus in the swarm
- proportion of robots reaching the correct conclusion.
The constraints of this research include:
- Resources - the work required of this research, such as 
simulation design, implementation, and data analysis, falls 
within the ability of the researcher and the available resourc-
es.
- Relevance - This work fills in the observed gap in current 
swarm robotics research between hierarchical control meth-
ods and decision-making.
The specific contribution that this research aims to make to 

the field is to find whether it is possible to reduce the trade-off 
of speed and accuracy in collective decision-making in robot 
swarms by using the hierarchical decision-making method to 
increase both. This would allow both aspects to be improved 
and have neither one be sacrificed much.

�   Literature Review
This section will present work done in both collective deci-

sion-making and hierarchical control structures, showing some 
different proposed methods and related findings that inspire 
this paper. One prominent method of collective decision-mak-
ing is known as the voter model, where a robot switches to 
the opinion of a randomly selected neighbor. Valentini et al. 
introduced the weighted voter model,8 inspired by the deci-
sion-making behavior of honeybees, where the group’s opinion 
converges on the option of the highest quality by modulating 
the time of a robot’s opinion dissemination based on its as-
sessment of quality using environment-sourced information. 
This method of decision-making in a robot swarm is referred 
to as direct modulation. They found that this method increases 
accuracy with system size and is robust to noise from the input 
of quality assessments. 

Valentini et al. introduce another method utilizing direct 
modulation of the majority vote method of decision-making,9 
where a robot switches its opinion by taking that held by the 
majority of multiple neighboring robots. They find that the 
number of neighboring robots affects decision-making, show-
ing a trade-off where lower numbers have more accuracy but 
slower consensus times, and higher numbers are faster yet less 
accurate. The present research aims to reduce the trade-off 
between speed and accuracy through the introduction of the 
hierarchical communication structure, which may potentially 
increase one or both aspects without sacrificing the other. 

Another method of decision-making, inspired by behav-
ior in honeybees,1 is cross-inhibition. In the cross-inhibition 
method, a robot samples the opinion of its neighbor, and if 
the opinion is different, it enters an uncommitted state where 
it holds no opinion. It then takes the opinion of a neighbor in 
the next sampling phase. Zakir et al. find that compared to the 
voter model, the cross-inhibition method is better at break-
ing deadlocks between options of similar quality due to its 
resistance to noise from self-sourced information.10 Resistance 
to noise is an important aspect of decision-making in order 
for the swarm to navigate real-life scenarios, due to the en-
vironment’s imperfections and due to potential issues such as 
malfunctioning robots gathering incorrect sensor data or ma-
licious robots inserted into the swarm. Antonic et al.11 tested 
a swarm of heterogeneous robots - robots that used different 
methods of decision-making internally - and found that this 
swarm was more robust against zealots/stubborn robots that 
do not change their opinion. The robustness of a swarm’s deci-
sion-making against noise, stubborn robots, or deadlocks using 
a hierarchical control structure is not examined in the present 
paper, but may be a direction to investigate in future research. 

These methods of decision-making operate on the idea of 
minimizing computational demands, which is useful for robots 
with fewer resources, such as swarm robots that are produced 
to be simple but high in number. This is the area in which 
the research presented here focuses. However, some methods 
require higher resources and have achieved good results, some 
of which are known as Bayesian decision making.12-14 Bayesian 
decision making is the use of self-sourced and socially-sourced 
information to calculate a probability of one option being cor-
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rect, upon which a decision is then made. Shan et al. compare 
their method of Bayesian decision making with direct compar-
ison and the weighted voter model, finding that it outperforms 
both methods in speed, accuracy, and robustness at the cost of 
being more complex. As a clarification, direct comparison is a 
method of decision-making that involves the robots directly 
sharing opinion quality estimates rather than just the opinions, 
and updating their opinions based on what they receive.

One more area of research into controlling swarms is with 
the use of artificial intelligence, such as neural networks and 
reinforcement learning. Research into the application of AI 
is somewhat less relevant to our specific case, as it looks into 
human-designed behavioral systems due to the fact that the 
work primarily focuses on movement-based problems, such as 
formation control, whereas we focus on decision-making. Also, 
we are specifically dictating rules of behavior, while systems 
like neural networks control behavior through internal work-
ings, gained through training, that are difficult to understand. 
It carries the benefits of being simpler to create, simply by 
training the artificial intelligence on a task, but has drawbacks 
such as struggling when presented with the differences be-
tween simulation and reality, as well as being a black box that 
we cannot reverse-engineer at higher levels of complexity. As 
some examples, Li et al. used a small bio-inspired neural net-
work to create virtual forces for their fish-inspired collective 
escape behaviors.4 Kim et al. used neural networks to generate 
interaction rules that cause robots to create desired collective 
formation structures, and both of these studies found these 
methods to be effective.5

The present research focuses on the application of a 
hierarchical control structure to the process of collective de-
cision-making. This concept is supported in the literature, as 
applying a hierarchical control structure has been shown to 
aid performance in other areas of swarm robotics. Varadhara-
jan et al.15 found that using ‘guide’ robots that had somewhat 
higher abilities, such as spatial awareness, to oversee simpler 
‘worker’ robots, a model radiation cleanup task could be com-
pleted with far fewer robots than using only the worker robots, 
while still retaining the scalability and lack of a single point 
of failure, which a centralized system does not have. Shankar 
et al. apply this hierarchical control to formation control and 
movement of a swarm,16 presenting a method of controlling 
a swarm’s shape and movement using guide robots to control 
worker robots, allowing easier design of swarm behavior while 
again avoiding the pitfalls of centralized control. Robots do 
not have to be physically superior; however, they may simply 
have a level of control over surrounding robots, using a higher 
level of information and/or intelligence to guide the others. 
This means that any robot in the swarm could become and 
act as a leader over other robots. One applicable case would be 
that if an existing leader gets damaged, the swarm can reorga-
nize and select a new one. Some papers present methods that 
allow swarms to reconfigure hierarchies freely. For example, 
Zhu et al. describe a system where robots running the same 
algorithm establish a hierarchy by attempting to recruit each 
other and reaching an agreement where one surrenders con-
trol to another in a level above it, leading to a “brain” robot at 

the top.17 Zhang et al. provide rigorous, mathematically an-
alyzable algorithms for formation control using hierarchical 
frameworks, focusing on merging and splitting of frameworks 
and robot departure.18 These approaches form hierarchies that 
can still be changed according to the task, eliminating the is-
sue that there still exist certain points of failure when having 
fixed leader robots, and allowing greater adaptability to the sit-
uation. These works show promise for applying a hierarchical 
control structure to collective decision making and the best-
of-n problem. The present literature review found a lack of 
research into this specific concept, providing the inspiration 
for the research presented here.

Trabattoni et al.19 make some progress in filling the gap in 
the literature through their work, where they present a meth-
od for the best-of-2 problem. They describe a group of robots 
that acts as a central control entity that holds some overall 
swarm information. Any robot in this central control forma-
tion is replaceable with another member of the swarm, again 
giving advantages that a central controller provides without 
disadvantages such as having a single point of failure. It was 
found to also improve consensus time and accuracy. The work 
of Trabattoni et al. provides strong support that our research 
will find an improvement in decision-making using a hierar-
chical control method. The difference between the work of 
Trabattoni et al. and the present research is the problem being 
observed - Trabattoni et al. have investigated a site-selection 
problem where the robots must travel to a site and then con-
vene in a central location to disseminate opinions, whereas we 
will investigate a collective perception problem where the ro-
bots will explore the environment and decide on the dominant 
feature, remaining dispersed through said environment. This 
different problem requires a different approach to the hierar-
chical control strategy.

It is reasonable to assume, and literature has shown, that 
there are differences in the results achieved by swarm simu-
lations and actual robots.20-21 Often, approximations of robot 
swarms, such as mean-field models, are used, but there are in-
accuracies, such as the assumption that the swarm has opinions 
uniformly distributed throughout. To ensure a more accurate 
conclusion, it has been decided to simulate E-puck robots in 
the WeBots simulator,7 so that physical interactions are taken 
into consideration. The next section outlines the methodology 
used in the present research.

�   Methods
1. Basis of Simulation:
The intention was to create a simulation that would give 

results allowing a fair comparison between decentralized 
and hierarchical decision-making. The limits of what can be 
achieved consist of the available hardware - a Windows laptop 
with 16 GB RAM - to run the simulation, and time con-
straints in development.

The simulated task used for this research is inspired by the 
literature and primarily based on that of Zakir et al.10 They 
introduce the situation where there is a grid of floor tiles 
that can randomly be one of two colors, and the robot swarm 
must decide which color is most dominant. The method of 
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the swarm or ending up in feedback loops with only one other 
neighbor. This is constrained by the number of robots that can 
be simulated, which is limited to 10, as the hardware available 
struggled with physics calculations at swarm sizes beyond that. 
Changing the parameters given could be done intentionally to 
see the effectiveness of the hierarchical decision-making model 
when faced with more extreme situations, such as robots losing 
contact with the swarm, but this is beyond the scope of our 
study.

3.1. Implemented Robot Behavior - Voter Model:
This section describes the implementation of the behavior of 

the simulated E-puck robots when testing the decision-mak-
ing performance of the voter model.

Each E-puck robot has a random start position, orientation, 
and opinion on the grid. Their behavior is dictated as follows 
(broken down simply in Figure 2).

The robots move continuously using an implementation 
of Levy flight with basic obstacle avoidance, allowing a robot 
better coverage of the overall environment. The specifics as 
programmed in our simulation are as follows:

At any point:
If an obstacle is detected on the right, turn left
If an obstacle is detected on the left, turn right
Otherwise
Drive forward at a random speed for 3 seconds
Turn at a random speed for 1.5 seconds

decentralized decision-making used in the simulation is their 
direct-switching model with modulated dissemination time 
based on opinion quality, also referred to in other literature 
as Direct Modulation of Voter-Based Decisions (DMVD). In 
the study done by Zakir et al., they used DMVD as a baseline 
to compare their proposed implementation of cross-inhibition. 
In our simulation, an implementation of DMVD is also used 
as a baseline, but cross-inhibition is replaced with the newly 
proposed hierarchical control system.

To allow a fair comparison between the two methods of 
decision-making, some variables must be controlled. Each 
randomly generated grid will be explored by both types of de-
cision-making, using the same number of robots and the same 
starting positions between the two tests for each board. Testing 
on multiple randomly generated grids will allow random error 
to be accounted for in the case that certain specific scenarios 
have one method perform better than the other.

2. Problem Definition:
The general task that this research focuses on about collec-

tive decision-making is that of collective perception. Collective 
perception refers to the idea that a swarm of robots with rel-
atively weak capabilities can aggregate their observations to 
gain a more accurate picture of the environment as a whole. 
The decision-making aspect of this is that when robots gather 
contradictory information, they must ultimately decide that 
one or the other is the true observation. Gathering a better 
overall understanding of the environment aids in further deci-
sion-making, such as those regarding what actions should be 
performed afterward. So, finding methods to increase the effi-
ciency of this process aids may increase performance in various 
tasks where robot swarms are deployed, hence the proposal of 
the hierarchical decision-making method for improving the 
process. The test of the effectiveness of a hierarchical deci-
sion-making method will be performed through a specific task 
designed with the parameters as described next.

Ten E-puck robots (Figure 1), each with a ground sensor 
module, are simulated in the Webots robot simulator.

 They are randomly spread over an 8 by 8 randomly gener-
ated grid of black and white tiles, each tile being a square with 
a 10 cm side length. There are always more white tiles than 
black tiles, at varying ratios. The robots can send and receive 
signals from each other within a range of 30 cm. Using only 
communication with neighboring robots and the ground sen-
sor to detect the color of tiles, they must reach consensus on 
the color that covers the largest area. Performance is measured 
by the time taken for all robots to reach consensus, and the 
proportion of robots reaching the correct conclusion. 

The parameters of the simulation given are based on some 
trial and error to fit a few conditions: Firstly, the range of com-
munication cannot extend to robots across the entire area, as 
this would defeat the purpose of creating methods to allow 
information to propagate across the swarm. Secondly, the total 
floor area and tile size are sized so that the robots will be able 
to cover the entire area and gather enough different samples 
while keeping multiple other robots within their communi-
cation ranges. This stops them from becoming isolated from 
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er status” in that they don’t directly take samples of the floor 
color, instead redistributing opinions received from robots 
around them. Because every robot carries the same hardware, 
any can take on this role, so the higher-level robots have been 
randomly selected in the simulation. They are referred to in 
the simulation as “managers”. In the case of this simulation, it 
is unlikely that the specific selection of managers has much in-
fluence on results. The number of managers chosen is such that 
there are enough to usually make contact with every member 
of the swarm, while not being such a large proportion of the 
swarm that not enough samples are being taken to accurately 
represent the area.

The manager robots perform the same Levy flight to ran-
domly move around the area. Instead of going through phases 
like those seen in the voter model algorithm, they store all re-
ceived opinion broadcasts from other robots in a buffer, and 
broadcast and discard an opinion from the buffer every 0.1 
seconds. This means they act to increase communication be-
tween robots, which in theory will improve the accuracy of the 
swarm's decision-making.

When the buffer is empty for long enough, the robot will 
assume that the other robots have ended their decision-mak-
ing processes due to reaching consensus, thus ending its own 
process.

Refer to Appendix A for access to project files, including 
code.

�   Results and Discussion 
1. Results:
The simulation was run for both models for tasks of differ-

ent complexity. Task complexity is based on how many of the 
tiles are black. This is because the more white tiles there are, 
the easier it is for the swarm to then converge on the correct 
decision that white is the predominant floor color. Tests were 
run using randomly generated 8x8 grids with 32, 31, and 20 
black tiles, as well as control runs of pure black and pure white 
to confirm the decision-making behaviors actually worked. For 
each number of black tiles, 3 tests were run on 3 random grids 
with that number of black tiles. The events of the simulation 
were then output to console logs, and data to be analyzed was 
extracted with the aid of a Python script written by Copilot. 
Tests using 10 black tiles per grid were planned; however, lim-
ited time resources restricted this.

Random distances and angles are achieved by changing the 
speed rather than the time of movement in order to reduce the 
random error in this simulation. In the exploration phase, a 
sample of the floor color is taken every time the robot begins 
driving forward, so randomly changing the time taken to move 
introduces error into the number of measurements a robot can 
take before the 18-second exploration phase ends. The amount 
of time used was chosen to allow the robots to move from 
one end of the arena to the other if the random speed hap-
pens to be maximum. Similarly, the turning time is selected 
to allow the robot to make a full rotation if chance dictates 
that it rotates at maximum speed. With every measurement of 
the floor color, the stored opinion quality - the proportion of 
samples taken which affirm the opinion - is recalculated based 
on the opinion that the robot currently holds. For example, if 
the robot’s opinion is that the floor is predominantly white, 
the opinion quality is calculated as (# of white samples) / (# of 
samples taken)

After the exploration phase, the robot goes into the dissem-
ination phase. Samples are no longer taken. The robot sends 
out its opinion to all neighboring robots within the specified 
range, in our case, 30 cm, every 0.1 seconds. Due to limita-
tions in the abilities of the available hardware and the Webots 
simulator itself, the accuracy of timing does vary. The length 
of time this dissemination period lasts varies proportionally 
to the calculated opinion quality, with a minimum time of 2 
seconds and a maximum of 10 seconds. 

Once dissemination is finished, the e-puck then goes into 
the collection phase, where it receives opinions broadcast by 
neighboring robots. This period lasts for three seconds, after 
which a new opinion is randomly selected from the collected 
opinions and is then evaluated in the exploration phase again. 
If no opinions are collected after seven seconds, the robot pro-
ceeds with its previously held opinion.

The selection of the time for each phase is based on trial 
and error to create more realistic conditions, but it is not per-
fect and could be optimized in future work. The exploration 
phase timing of 18 seconds allows the robot to gather enough 
samples while not giving it full coverage of the area. The tim-
ing of the dissemination and collection phases is limited so 
that a robot will not receive or send information to every other 
robot on the floor within one cycle, while still collecting and 
disseminating enough information to impact the opinions of 
the swarm.

Once 9 of these loops pass with the opinion remaining the 
same, it is assumed that consensus has been reached, and the 
robot stops all processes. The number of loops was selected in 
order to ensure that every robot has reached consensus, giving 
any isolated robot time to find the rest of the swarm, while 
trying to reduce wasted time added to the process.

3.2. Implemented Robot Behavior - Hierarchical Model:
This section describes the implementation of the behavior of 

the simulated E-puck robots when testing the decision-mak-
ing performance of the hierarchical model.

The majority of robots carry the same behavior as described 
previously for the voter model, but 2 out of the 10 have a “high-
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Figures 3 and 4 show the proportion of robots holding 
the correct opinion over time for both the decentralized vot-
er-model-based strategy and the proposed hierarchical strategy. 
As demonstrated in the graphs, which were consistent through 
all trials, the hierarchical model did not reach consensus sig-
nificantly faster than the decentralized voter model. It should 
be noted that Run 2 of the hierarchical tests on 31 black tiles 
does not have a visible line due to random chance, causing all 
the robots to begin with the same opinion, so it is an outlier. 
The time taken to finish the decision-making process was ac-
tually longer for the hierarchical system that was implemented 
in this study, due to the “manager” robots using a time-based 
method to determine that decision-making had ended. 

Despite this slower convergence, the hierarchical strategy 
sometimes reached a slightly higher final proportion of correct 
decisions than the decentralized method. However, this im-
provement was small, and the difference varied between trials. 
Overall, both systems successfully guided most robots toward 
the correct color classification. The hierarchical strategy did 
not demonstrate a clear advantage in speed and produced only 
marginal changes in accuracy.

Figure 3 also shows that both models sometimes converged 
on the wrong option, which is black having the larger area. 
One possible reason for this is the stochastic nature of the de-
cision-making process, but it cannot be confirmed in this study 
as the swarm size and number of trials are limited.

Raw extracted data can be accessed by referring to Appendix 
A.

2. Discussion:
The simulations conducted in this study show that the pro-

posed hierarchical decision-making method does not produce 
a clear improvement over the fully decentralized voter-mod-
el-based approach. These findings differ from the original 
hypothesis and more closely match the null hypothesis, H₀: 
The hierarchical decision-making method has no impact on 
decision-making speed/accuracy. They do not support the al-
ternative hypothesis H₁: The hierarchical decision-making 
method has an impact on decision-making speed/accuracy.

Although the hierarchical system may have provided a slight 
increase in accuracy, this effect was small and inconsistent across 
trials. More notably, the total time required for the swarm to 

reach consensus increased. This appears to result from the be-
havior of the manager robots, which wait for confirmation of 
convergence before terminating their decision-making process. 
When managers are ignored when considering timing mea-
surements, the difference is not significant.

This is not expected based on trends reported in the literature, 
where hierarchical influence has enhanced swarm performance 
in tasks such as formation control, navigation, or coordinated 
resource collection. Multiple factors can explain this difference. 
First, the collective perception problem studied here is more 
spatially distributed than tasks previously tested with hierar-
chical structures. While hierarchies can facilitate top-down 
control, they may offer less benefit when robots must inde-
pendently gather environmental data and when no consistent 
global information can be shared reliably. Second, the small 
swarm size used in the simulations may have prevented hier-
archical advantages from emerging. Prior work suggests that 
hierarchical or hybrid methods often show larger gains at big-
ger scales. Finally, the randomness inherent in swarm behavior, 
especially at this small scale, limits the statistical strength of the 
observed trends.

2.1. Limitations and Challenges:
Other limitations faced were the limited capabilities of the 

hardware used, which held back the size of the simulation that 
could be run. As mentioned previously, the size of our sim-
ulation may not have been large enough to remove variation 
due to noise in our results. This does mean that the behavior 
of the robot swarm could be different at larger scales and that 
comparisons between the two decision-making methods here 
may not hold. It’s also acknowledged that other sources of er-
ror may have arisen from the methods used in this research, 
which could not be resolved due to time constraints; however, 
this research still proposes a novel concept to collective deci-
sion-making and makes early steps in implementing it, which 
may be improved in future research.

Given these considerations, the results should not be inter-
preted as evidence that hierarchical structures are ineffective 
for collective decision-making in general. Instead, they high-
light that the specific hierarchical strategy implemented here 
may not have been optimal, and that the constraints of the 
simulation (limited scale, computational constraints, relatively 
simple manager behavior, and time available for development) 
may have masked the potential benefits of such an approach. 

2.2. Future Work:
Future work to determine the effectiveness of a hierarchi-

cal decision-making structure should include larger swarm 
sizes(e.g., more than 100 robots) and optimized parameters 
for their behaviors to ensure accurate comparisons with other 
models. Comparisons should also be made to models already 
proven to be more effective than the voter model, such as 
cross-inhibition as described by Zakir et al.10 or the majority 
vote model discussed by Valentini et al.9 The decision-making 
structure should also be applied to other decision-making sce-
narios, such as site-selection or task assignment. Alternative/
more optimal implementations of the same concept should 
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also be tested, as the constraints mentioned in this study mean 
that it may not have used a well-designed behavior algorithm. 
Improvements might be made on the way hierarchies are 
implemented, but also in the movement or communication 
of information across the swarm. Finally, tests with physical 
robots are necessary to determine actual effectiveness in re-
al-world applications. 

�   Conclusion 
This study investigated whether a hierarchical communica-

tion structure could improve the accuracy or speed of collective 
decision-making in a swarm of simulated E-puck robots per-
forming a best-of-two perception task. The results did not 
show a clear performance advantage over the decentralized vot-
er-model baseline. This means that the null hypothesis that the 
implemented method has no effect is not rejected, and there is 
insufficient evidence to prove the alternative hypothesis - that 
the implemented method does have an effect. While accuracy 
may have improved slightly, consensus times increased due to 
manager robots delaying termination. These findings suggest 
that the particular hierarchical mechanism implemented here 
does not enhance performance under the tested conditions, es-
pecially at small swarm sizes.

The study does still show that hierarchical structures can be 
integrated into collective decision-making processes, which 
gives room for further development in the area. The support 
shown in the literature for implementations of hierarchical 
structures still shows promise for this concept. Hierarchi-
cal control systems still may be able to measurably improve 
decision-making speed, accuracy, and algorithm design if 
implemented in an optimal way. By writing this paper, this 
concept might be pushed out to more capable authors. Im-
provements in decision-making and collective perception are 
crucial to the viability of implementing swarm robotics sys-
tems into real-world applications such as space exploration, 
agriculture, and search-and-rescue by allowing robot swarms 
to more effectively choose the right strategies to perform their 
tasks without human intervention. Future work should include 
changes such as improved communication methods, larger 
swarm sizes, more optimized behavior algorithms, and com-
parison to other decision-making models.
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�   Appendices
Appendix A - Simulation Files:
All Webots simulation files, including code and extracted 

data, can be found in a GitHub repo at the URL:
https://github.com/kevwano/swarm-hierarchy/tree/main/

emitter_receiver/controllers/robot1
While Webots itself may be installed at:
https://cyberbotics.com/
The project can be accessed by opening the “worlds” folder 

and opening the file “emitterandreceivertesting_ver2.wbt” in 
Webots. It is recommended that, for optimal performance, the 
graphics settings be turned to the lowest.
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