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Abstract

Background. Crowd simulation is widely used in fields such as urban planning,
safety engineering, and interactive applications. The Boids algorithm provides a
simple yet effective framework for modeling collective motion through local interac-
tion rules. However, standard implementations typically assume homogeneous agent
behavior and struggle to capture realistic dynamics in constrained environments such
as bottlenecks.
Objectives. This thesis investigates how introducing heterogeneity in the steering
weights of the Boids algorithm affects throughput speed and collision frequency in a
constrained two-dimensional crowd simulation.
Methods. A Boids-based simulation was implemented in the Unity game engine,
incorporating goal-directed movement through a waypoint system. A baseline ho-
mogeneous configuration was first established by heuristic tuning. Heterogeneous
behavioral profiles (Individualist, Clinger, and Eccentric) were then created by mod-
ifying the steering weights. Each configuration was evaluated over N = 20 simulation
runs with 500 agents, measuring mean throughput speed and collision frequency.
Results. The results show that heterogeneity produces distinct behavioral patterns
rather than random variation. The Individualist profile reduced collision frequency
but increased completion time, while the Clinger profile maintained faster throughput
speed at the cost of significantly increased collisions. The Eccentric profile introduced
instability, resulting in higher variability across runs. Overall, a clear trade-off was
observed between throughput speed and collision frequency, with no configuration
optimizing both simultaneously.
Conclusions. The study demonstrates that heterogeneous steering behaviors visibly
influence crowd dynamics in constrained environments. The findings highlight the
importance of accounting for behavioral diversity when modeling crowd systems and
provide insight into how simple local rules can be extended to better represent varied
crowd movement patterns.
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Chapter 1
Introduction

1.1 Background
Crowd simulation is widely used across multiple domains, including real-time interac-
tive applications, video games, cinematography [1], and urban safety planning [2–4].
One influential approach to modeling collective motion is the Boids algorithm, intro-
duced by Craig Reynolds [5]. The model simulates group behavior through simple
local interaction rules, demonstrating how complex and lifelike motion can emerge
without centralized control.

Despite its effectiveness and simplicity, applying such models to human crowd
dynamics requires further investigation, particularly when considering variation be-
tween individuals and navigation in constrained environments.

1.2 Problem Statement
While the Boids algorithm effectively captures collective motion in open environ-
ments, it has limitations in constrained spaces such as corridors and bottlenecks.
In this context, a bottleneck refers to any narrow passage, doorway, or corridor
that restricts crowd flow and forces agents into close proximity, creating conditions
for congestion and steering conflicts. Reynolds [5] argues that successful obstacle
avoidance is achieved more easily through long-range proactive planning rather than
relying solely on immediate short-range reactive corrections.

Prior research in crowd simulation has shown that congestion phenomena fre-
quently occur in bottleneck scenarios [6]. These effects arise from the interaction
between agents local behaviors, such as the maintenance of personal space and move-
ment toward shared goals. Related work further highlights how interactions between
individuals influence collective motion and coordination in crowds [7].

Furthermore, many Boids-based implementations assume homogeneous agent be-
havior, where all individuals share identical parameters. In contrast, real-world
crowds are inherently heterogeneous, with individuals exhibiting different movement
preferences and interaction tendencies. Studies such as those by Couzin et al. [8],
while rooted in animal collective behavior, demonstrate that even small variations in
agent behavior can significantly influence overall group dynamics.

However, there remains a lack of empirical investigation into how variations in
the fundamental steering weights themselves influence key performance metrics such
as movement efficiency and collision frequency, particularly in constrained environ-
ments.
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2 Chapter 1. Introduction

1.3 Aim and Objectives
The aim of this thesis is to investigate how variations in the steering coefficients of the
Boids algorithm influence completion time and collision frequency within a controlled
and constrained environment. Additionally, the study examines the systemic impact
of introducing agent heterogeneity by modifying steering weights for a subset of the
population.

To achieve this, the project focuses on the following objectives:

• Implement a Boids-based simulation in Unity.

• Establish a performance baseline using a heuristic tuning process.

• Evaluate heterogeneous behavioral profiles, such as “Individualists” and “Clingers”.

• Quantitatively analyze the relationship between steering weights, throughput
efficiency, and collision frequency.

1.4 Research Question
Within the scope and constraints of this study, the following research question is
investigated:

How does introducing agent heterogeneity in Boids steering weights affect
throughput efficiency and collision behavior in a constrained 2D crowd
simulation?

1.5 Ethical and Sustainability Aspects
This study is conducted entirely within a simulated virtual environment and does
not involve human participants or personal data. As such, no direct ethical risks are
identified. From a sustainability perspective, the computational requirements are
limited to standard desktop usage, and the overall environmental impact is considered
minimal.



Chapter 2

Theory

2.1 The Boids model

The Boids algorithm, originally developed by Craig Reynolds in 1987 [5], established
a foundational framework for simulating collective motion with three steering rules.
These mathematical rules dictate how each agent reacts to its local flockmates. Each
rule mathematically generates a steering vector which in turn determines the agent’s
trajectory. Each vector is scaled by a weight (W ), which allows for fine-tuning of
behavioral properties. The final movement vector for each agent is computed as the
weighted sum of all individual rule contributions:

v⃗ = Wsf⃗s +Waf⃗a +Wcf⃗c +Wwf⃗w (2.1)

where each force vector f⃗ is derived from agents within a defined local perception
radius, and the resulting velocity is clamped between a minimum and maximum
speed. The separation force applies additional inverse-distance weighting, producing
a stronger repulsive response as agents approach one another.

2.1.1 Separation (Ws)

As illustrated in Fig. 2.1, separation represents a repulsive steering force that pre-
vents agents from becoming overcrowded. In the context of crowd simulation, this
behavior corresponds to the maintenance of “personal space” between individuals.
Neighboring agents are considered within a defined radius, representing this comfort
zone. The magnitude of the separation force is typically inversely proportional to the
distance between agents; as another agent enters this region, the resulting steering
force increases, causing them to move apart.

3



4 Chapter 2. Theory

Figure 2.1: Separation. Adapted from Craig Reynolds

2.1.2 Alignment (Wa)

As illustrated in Fig. 2.2, alignment represents a steering force that causes agents
to adjust their direction to match the average heading of nearby neighbors. These
neighbors are defined within a local perception radius, so that only agents within this
region influence the alignment behavior. This rule promotes coordinated movement
and contributes to the overall directional coherence of the group.

Figure 2.2: Alignment. Adapted from Craig Reynolds

2.1.3 Cohesion (Wc)

As illustrated in Fig. 2.3, cohesion represents an attractive steering force that drives
agents toward the center of mass of nearby neighbors. Similar to alignment, only
agents within a defined local radius are considered when calculating this behavior.
Cohesion encourages group formation by reducing the distance between agents, which
contributes to the maintenance of a unified crowd structure.
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Figure 2.3: Cohesion. Adapted from Craig Reynolds

2.2 Goal-Directed movement
While the standard boid rules handle local interaction and collision avoidance, with-
out any outside force directing them, the crowd has no goal which cause stochastic
movement through the environment. To provide meaningful global navigation a way-
point system was implemented giving the flock an end goal alongside sub-goals in
order to make it through the designed course.

A waypoint is defined by a position, an orientation, and a width, forming a
rectangular threshold that spans the opening of a doorway or corridor.

Figure 2.4: Waypoint illustration

These waypoints are strategically positioned at bottlenecks and doorways to help
guide the crowd through the course.

With this implementation, the waypoints serve as the primary driver of move-
ment, while the boid rules serve as a secondary modulators. This prevents agents
from behaving as purely goal-driven waypoint followers. Like the other rules, the
"pull" effect of waypoints is also controlled by a weight (Ww). A higher (Ww) in-
creases the urgency of the agents towards the threshold.
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2.3 Emergent Behavior and Heterogeneity
The significance of the Boids model lies in its ability to produce emergent behavior
complex with global patterns resulting from simple local rules. While the original
model by Reynolds assumed a homogeneous population where every agent shared
identical parameters, real-world human crowds are fundamentally heterogeneous.
Individuals possess varying social priorities, physical capabilities, and psychological
traits.

In this study, heterogeneity is achieved by modulating the relative influence, or
weights (W ), of the steering rules for specific subsets of the population. By creating
distinct "behavioral profiles" (such as the Individualist or the Clinger), the simulation
moves beyond biological flocking and into the realm of social dynamics. This allows
for the investigation of how individual behavioral variance impacts the aggregate
flow of the crowd.



Chapter 3

Related Work

The foundation of decentralized agent-based simulation was established by Craig
Reynolds [5], whose Boids model demonstrated that complex group behavior can
emerge from three simple local rules without requiring a global coordinator. Since
its inception, the field has expanded considerably. Musse et al. [2] provide a com-
prehensive overview of this evolution, tracing the development of crowd simulation
from its origins to modern approaches, highlighting how the field has progressively
shifted from purely biological flocking toward more socially motivated models of hu-
man movement. The practical impact of such systems became widely visible through
their use in large-scale film production, most notably in The Lord of the Rings, where
Massive Software employed agent-based crowd simulation to generate autonomous
battle sequences [1].

Research following Reynolds has largely focused on three directions: computa-
tional performance, extensions to the steering rules, and behavioral realism. Nor-
gren [9] addresses the computational challenges of Boids-based systems, identify-
ing that the naive O(n2) complexity presents a significant bottleneck at scale and
proposing spatial partitioning strategies to alleviate it. Similarly, Hirokawa et al. [10]
demonstrate that parallelization across heterogeneous multi-processing units can dra-
matically reduce computation time, reporting simulations of up to three trillion
agents on high-performance hardware, highlighting how computational scalability
remains an active challenge for large-scale Boids-based systems. On the side of rule
extensions, Zeng and Nait-Abdesselam [11] incorporate multi-agent reinforcement
learning into the Boids framework for drone swarms, demonstrating that the original
steering rules can be extended beyond biological flocking into goal-directed naviga-
tion tasks. This theme of extending the core rules is further explored by Abar and
Theodoropoulos [12], who augment the Boids model with explicit collision avoidance
using control barrier functions and a target-seeking rule for search and rescue ap-
plications, explicitly analyzing the resulting trade-off between exploration efficiency
and collision safety. Similarly, Larsson and Lundgren [13] investigate the perceptual
realism of Boids simulations, finding that separation distance has the most significant
influence on how realistic observers perceive flocking behavior, while cohesion and
population size have comparatively little effect. Matsson and Kerslow [14] extend
this line of inquiry into predator-prey scenarios, finding that variations in the number
of neighbors considered in the steering calculations directly affect emergent survival
rates, further demonstrating that even small parameter changes can significantly
alter system-level outcomes.

A key limitation of the original model is its assumption of a homogeneous popu-

7



8 Chapter 3. Related Work

lation. Real biological groups are rarely uniform, and this discrepancy has attracted
significant research interest. Couzin et al. [8] demonstrated in the context of the
movement of animal groups that even a small informed minority can guide the direc-
tion of an entire group without explicit communication. While this study is rooted
in biological collective behavior rather than human crowds, it highlights a broader
principle that heterogeneity in agent intent can act as a powerful organizing mecha-
nism rather than a source of disorder, a principle that this thesis draws upon when
applying similar behavioral variation to a simulated human crowd context. Wagner
et al. [15] further explored this by applying evolutionary algorithms to flocking Boids,
showing that emergent behavior is sensitive to strategic behavioral variation and that
increased model complexity does not always produce more stable or coherent group
dynamics.

Crowd simulation has approached similar challenges from a pedestrian-focused
perspective. The Social Force Model by Helbing and Molnár [6] models pedestrian
behavior as a combination of motivational forces representing desired direction and
repulsive interactions with obstacles and other agents. This model has become a
benchmark for evaluating crowd dynamics in constrained environments. Building
on this, Moussäid et al. [7] proposed a cognitive heuristics approach demonstrating
that two simple visual rules are sufficient to reproduce a wide range of collective
pedestrian phenomena, including lane formation and crowd turbulence at extreme
densities. Their work also showed that behavioral variation across individuals, such
as differences in boldness and cautiousness, can significantly alter evacuation dynam-
ics.

The challenge of simulating high-density heterogeneous crowds has been directly
addressed by Pelechano et al. [16], whose HiDAC system combines psychological and
geometrical rules with social force models to produce emergent behaviors such as
pushing and queuing at bottlenecks. This work demonstrated the importance of in-
dividual personality parameters in shaping crowd flow, particularly in constrained
environments. More recently, Dewi et al. [17] applied the Boids flocking algorithm
specifically to human crowd movement in constrained indoor environments, find-
ing that completion time increases consistently with population size, and that the
algorithm produces plausible exit-seeking behavior without centralized control.

The state of the art in heterogeneous crowd simulation has moved toward data-
driven and learning-based methods. Hu et al. [18] present a parametric reinforcement
learning approach capable of producing heterogeneous synthetic crowds with gener-
alized collision avoidance policies across unseen scenarios. Their model produces
emergent behaviors including bottleneck formation and side-stepping, which aligns
with phenomena observed in the present study. Khan and Deng [19] provide the
most recent systematic survey of agent-based crowd simulation, identifying the key
factors that determine heterogeneous behavior at the microscopic level and noting
that low-level steering parameters remain an underexplored dimension of individual
agent variation. Despite these advances, there remains limited empirical work investi-
gating how heterogeneous steering weights specifically influence performance metrics
such as throughput and collision frequency in constrained rule-based environments.
Most heterogeneity research either focuses on high-level personality traits or employs
learning-based methods that obscure the contribution of individual parameters. This
gap motivates the present study.
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Method

4.1 Method Overview

The objective of this study is to examine how the behaviors of heterogeneous agents
within a crowd simulation affects throughput speed and collision frequency, and by
extension, the safety implications of introducing behavioral diversity into a con-
strained crowd environment. To achieve this, a quantitative experimental design
was employed using a custom-built simulation based on the Boids algorithm. The
research was conducted in two stages: (1) implementation of the simulation model
and (2) a two-phase experimental evaluation measuring throughput and collision fre-
quency under varying behavioral configurations. To account for the stochastic nature
of the simulation, each experimental configuration was subjected to N = 20 itera-
tions. This sample size was established during the preliminary testing as an optimal
baseline balancing statistical reliability and computational feasibility. Increasing iter-
ations beyond this threshold yielded diminishing returns in variance reduction while
significantly extending execution runtime.

A crowd of 500 boids was utilized in all configurations. This population baseline
was derived from preliminary exploratory testing that evaluated a gradient of crowd
sizes to identify optimal density constraints. The smaller crowds, ranging from 100
to 200 agents, failed to generate sufficient agent interaction within the environment.
This lack of density resulted in low interaction frequencies, resulting in sparse and
statistically inconsistent steering conflict data. In contrast, crowds exceeding 500
agents led to overcrowding in key bottlenecks, which distorted individual steering
behaviors and produced inflated throughput and collision metrics. Statistical relia-
bility across the finalized configurations was ensured by calculating the sample mean
(x̄) and standard deviation (σ) for both throughput (defined as time-to-exit) and
collision frequency.

4.2 Implementation of the Simulation

To evaluate the proposed behavioral profiles, a controlled virtual environment was
required that could execute real-time vector calculations and manage intricate agent
interactions. The Unity Game Engine was chosen due to its robust physics engine
and its capacity to efficiently manage high agent counts in a 3D space. While the
environment is rendered in 3D, the simulation logic was strictly constrained to a 2D
plane. This structural simplification was chosen to isolate and focus solely on hori-

9



10 Chapter 4. Method

zontal navigation dynamics, ensuring that the steering vector calculations remained
computationally efficient across all N iterations.

4.2.1 Physical Environment and Bottleneck Design

The simulation takes place within a specialized testing course designed to emphasize
the behavioral differences between agent profiles (see Figure 4.1). The layout is
conceptually modeled after a high-density pedestrian chokepoint, such as a concert
queue or festival entry, where a large volume of individuals is funneled through
structural barriers and restricted gates. It should be noted that the course does not
aim to faithfully replicate a specific real-world environment. Rather, it was developed
as an empirical stress test for the Boids steering vectors. In an open space, subtle
weight variations may be difficult to observe and quantify; within a constrained
environment, these forces are brought into direct conflict, allowing the simulation to
isolate and measure the behavioral differences under investigation.

The course design went through several iterative revisions before the final layout
was established. Early versions used simpler geometries, such as a single corridor
with one bottleneck, but preliminary testing revealed that a single constraint was
insufficient to consistently trigger the range of steering conflicts required for compar-
ative analysis. Wider corridors allowed agents to disperse too freely, reducing the
frequency of meaningful interactions between behavioral profiles. Conversely, envi-
ronments that were too narrow caused permanent deadlocks that prevented agents
from completing the course within the 100-second cutoff, rendering the throughput
data unusable. The final layout was selected because it reliably produced consistent
steering conflicts across all behavioral profiles without inducing systematic stagna-
tion, striking a balance between environmental pressure and navigational viability.

The course enforces three distinct observation conditions. First, narrow corridors
force agents into close proximity, making differences in spatial distribution clearly
visible and measurable. This amplifies the behavioral contrast between profiles such
as the Individualist, with its high separation priority, and the Clinger, with its strong
local cohesion. Second, abrupt 90-degree turns and narrow doorways require agents
to continuously renegotiate their pathing, making the Eccentric profile’s lack of align-
ment and its disruptive effect on surrounding agents more apparent and quantifiable.
Finally, funneling all 500 agents through restricted doorways subjects the crowd to
sustained throughput pressure, ensuring that waypoint-following remains the pri-
mary driver of movement and allowing for a consistent measurement of how different
behavioral profiles affect overall time-to-exit.
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Figure 4.1: Top-down view of the Course Layout.

4.3 The Experiments

4.3.1 Phase 1: Baseline Calibration

The first phase established a homogeneous baseline configuration derived through an
iterative and empirically guided heuristic tuning process. In the context of crowd
simulation, heuristic tuning refers to an observation-driven approach to parameter
calibration. Although automated optimization frameworks exist, crowd simulation
calibration in practice still relies heavily on manual trial-and-error and qualitative
“look-and-feel” validation of agent behavior. Zhong et al. [20] describe this as a
necessary approach due to the complexity and nonlinearity of crowd interactions,
which make exhaustive optimization computationally difficult.

Furthermore, Haghani and Sarvi [21] demonstrate through sensitivity analyses
that crowd simulation outcomes are highly dependent on specific behavioral and
bottleneck-related parameters. As a result, fully automated mathematical optimiza-
tion often struggles to capture realistic high-density crowd behavior without extensive
computational cost or large empirical datasets [21], [20].

Starting from an initial set of steering weights, the parameters were progressively
adjusted based on qualitative observations of agent movement and interaction be-
havior. The objective was to identify a balanced configuration in which agents could
successfully navigate the bottlenecks shown in Figure 4.1 while maximizing through-
put and minimizing collision frequency. This baseline configuration represents a
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“standard” crowd and serves as the control group for the second phase of testing.

4.3.2 Phase 2: Heterogeneous behaviors

In the second phase, heterogeneous behavioral profiles were introduced. These pro-
files were defined relative to the baseline configuration using an iterative empirically
guided heuristic tuning process. From the baseline, the steering weights were system-
atically adjusted to produce observable differences in movement dynamics. Rather
than optimizing for performance or efficiency, the primary objective was to configure
parameters that yielded visually distinct behavioral patterns while maintaining sim-
ulation viability. These adjustments were guided by qualitative criteria such as local
clustering tendency, the degree of spatial dispersion, and alignment with neighboring
agents, alongside their visible impacts on crowd flow within the bottlenecks.

The resulting configurations are presented in Table 4.1. The baseline weights
were established as the neutral benchmark because they allowed the crowd to move
naturally without premature bottlenecks or synthetic spacing. To create the varia-
tions, the parameters were expanded to the limits of their behavioral significance. For
example, the Individualist profile’s separation weight was doubled from the baseline
(2.0 to 4.0), as preliminary runs demonstrated that this specific threshold produced
a visually and measurably distinct avoidance behavior without causing agents to
completely detach from the collective crowd flow. Similarly, the cohesion weight of
the Clinger profile was increased modestly (0.5 to 0.7) rather than drastically; ex-
ploratory testing revealed that larger values caused agents to collapse into an unnat-
ural, near-static cluster that induced permanent deadlocks and rendered throughput
data meaningless. Finally, the Eccentric profile’s waypoint weight was halved (2.0
to 1.0) to produce a noticeable directional drift and independence from the group,
while still ensuring that the agents maintained enough forward intent to eventually
exit the environment within a measurable timeframe.

In each heterogeneous configuration, the population was divided equally, with 250
agents assigned the baseline behavioral profile and the remaining 250 assigned the
heterogeneous profile under evaluation. A 50/50 split was selected for two reasons.
First, it maximizes the statistical power of the comparison by ensuring neither group
is too small to produce a measurable effect on crowd behavior. Second, it maintains
a symmetric experimental design in which the baseline group remains large enough
to serve as an active behavioral reference within the same simulation run, rather
than being reduced to a negligible minority.

It should be noted that this proportion does not aim to represent a realistic
demographic distribution of behavioral types in real human crowds. Modeling an
empirically accurate psychological or demographic split within a population requires
extensive empirical field data or complex data-driven optimization frameworks, which
remains highly challenging and sits outside the scope of this thesis. Rather, this
50/50 ratio is a controlled experimental choice explicitly intended to produce clearly
observable, uncompromisable, and measurable behavioral contrasts.

• Individualist: Defined by a significant increase in Ws and a reduction in Wc

to simulate a high priority for personal space.
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Table 4.1: Steering Weight Configurations by Behavioral Profile

Behavior Sep (Ws) Alig (Wa) Coh (Wc) Way (Ww)

Baseline 2.0 1.0 0.5 2.0
Individualist 4.0 1.0 0.3 2.0
Clinger 1.5 1.0 0.7 2.0
Eccentric 2.0 0.5 0.5 1.0

• Clinger: Defined by a dominant Wc and a lesser Ws to observe the effects of
"clogging" at thresholds.

• Eccentric: Defined by a near-complete reduction in Wa, testing how agents
who ignore local group heading disrupt the flow of the baseline group.

4.3.3 Data Collection

To account for the stochastic nature of the simulation as well as for the validity of
the data, each test case was run through N = 20 iterations. A 100-second cutoff
was implemented per iteration to prevent prolonged run cases. This limit served to
manage "deadlock" scenarios at bottlenecks or instances where agents became stuck
due to extreme weight values, ensuring the data reflected active navigation rather
than total stagnation. Additionally, a 2-second warm-up period was applied at the
start of each iteration. During this window, collision data was not recorded. This
allowed the agents to transition from their initial spawn positions into a natural flow
state, preventing the "spawn burst" (unnatural proximity at the simulation’s start)
from artificially inflating the collision frequency.

The performance of each heterogeneous population was evaluated using two pri-
mary metrics, processed into the sample mean (x̄) and standard deviation (σ) across
all iterations:

1. Mean Completion Time (Throughput): This represents the average du-
ration required for all 500 agents to navigate the course. Notably, iterations
that reached the 100-second cutoff were included in this average. Including
timeout data ensures that the metrics accurately reflect the risk of systemic
stagnation and "deadlocks" inherent in specific behavioral configurations.

2. Average Collision Count (Safety): This is the mean number of recorded
agent-to-agent collisions per simulation run. Collision detection was imple-
mented using Unity’s built-in capsule collider, sized to match the dimensions of
each agent’s capsule mesh exactly. A collision event was recorded whenever two
agents’ colliders overlapped, representing a physical breach of personal space.
By calculating this alongside the completion time, the study can identify the
"Efficiency vs. Safety" trade-off — observing whether a behavior that reduces
collisions simultaneously increases the time required to clear a bottleneck.

By including both the mean and the standard deviation, the analysis can dis-
tinguish between behaviors that are consistently slow and those that are unstable
(exhibiting high variance due to occasional bottlenecks).





Chapter 5
Results and Analysis

5.1 Experimental Results
This chapter presents the findings from the simulation of 500 agents across N = 20
iterations per behavioral profile. The results are analyzed based on the two primary
performance metrics: throughput (transit time) and safety (collision frequency).

5.1.1 Throughput: Mean Transit Time

The first metric evaluated was the mean transit time required for the agent pop-
ulation to navigate the course. As shown in Figure 5.1, the baseline configuration
achieved the highest efficiency with a mean time of approximately 59.8 seconds.
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Figure 5.1: Mean transit time across behavioral profiles with standard deviation
(N = 20).

The introduction of heterogeneous behaviors led to a consistent increase in transit
times. The Individualist profile exhibited the lowest efficiency, taking roughly 64.3
seconds to clear the course, which represents a noticeable delay compared to the
baseline. In particular, Individualist and Eccentric profiles also demonstrated greater
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deviation, suggesting that these behaviors lead to less predictable flow patterns in
constrained environments.

5.1.2 Collision Frequency

Safety is defined in this study as the total number of agent-to-agent collisions recorded
during each simulation run. In contrast to the transit time results, the Individualist
profile proved to be the safest, yielding the lowest number of total collisions (approx-
imately 300).
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Figure 5.2: Total collision count across behavioral profiles with standard deviation.

The Clinger profile produced a significant spike in collision data, reaching nearly
1600 total collisions, double that of the baseline, while the Clingers remained rela-
tively efficient in terms of speed (as seen in Figure 5.1), this efficiency came at the
cost of extreme spatial congestion and frequent agent-to-agent overlaps.

5.2 Visual Characterization of Emergent Patterns

While the quantitative data highlights the performance trade-offs, visual observation
confirms the distinct nature of each behavioral profile. Figure 5.3 illustrates the clear
physical distinction between the Baseline (Gray) flow and the heterogeneous variants
(Orange).
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(a) Baseline (b) Individualist

(c) Clinger (d) Eccentric

Figure 5.3: Side-by-side comparison of agent behavior

5.3 Data Analysis and Trade-offs

When comparing Figure 5.1 and Figure 5.2, a clear behavioral trade-off emerges
between efficiency and safety. While some profiles achieve faster completion times,
this often occurs at the cost of increased collision frequency.
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Figure 5.4: Relative safety score across behavioral profiles. Lower values indicate
higher collision frequency, while higher values reflect safer agent interactions.

The heatmap in Figure 5.4 summarizes this trade-off through a composite safety
score. To ensure comparability between metrics, both collision counts and transit
times were normalized to the range [0, 1] using min–max normalization. The safety
score was then calculated as:

S = 1− (0.7 · Cnorm + 0.3 · Tnorm) (5.1)

where Cnorm represents the normalized collision count and Tnorm represents the
normalized transit time. A higher score indicates safer behavior. The weighting pri-
oritizes collision frequency (70%) over transit time (30%), reflecting the assumption
that minimizing physical agent interactions is more critical to safety than maximizing
flow speed. This assumption is grounded in real-world crowd safety literature, where
physical contact and overcrowding are identified as primary contributors to crowd
crush incidents and injury risk [6], [7]. It should nonetheless be acknowledged that
this weighting is a design choice and that alternative weightings would shift the com-
posite scores, though the relative ranking of profiles is unlikely to change given the
large magnitude of differences in collision frequency observed across configurations.

As shown in Figure 5.4, the Baseline and Individualist profiles achieve the highest
safety scores, while the Clinger profile performs significantly worse. The Eccentric
profile falls between these extremes, indicating moderate instability in both efficiency
and safety.

These results reinforce the trends observed in Figures 5.1 and 5.2, and highlight
how different steering weight configurations influence both spatial density and inter-
action frequency within the system.
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• Efficiency–Safety Conflict: The Individualist profile minimizes collisions by
maintaining higher separation distances, resulting in a high safety score. How-
ever, this cautious behavior leads to reduced flow efficiency, as agents hesitate
or queue at bottlenecks, increasing overall transit time.

• High-Density Instability: The Clinger profile maintains a relatively fast
flow similar to the baseline but produces a significantly lower safety score.
This indicates that strong cohesion leads to localized congestion, particularly
at bottlenecks, where agents cluster tightly and generate a high number of
collisions.

• Stochastic Variability: The higher standard deviation observed in the Ec-
centric and Individualist profiles suggests increased sensitivity to initial condi-
tions. These non-uniform steering behaviors produce less predictable emergent
patterns, leading to variability in both transit time and collision outcomes
across simulation runs.

Overall, the results indicate that no single behavioral profile simultaneously op-
timizes both efficiency and safety. Instead, the balance between steering rules deter-
mines whether the system favors faster movement or reduced interaction, highlighting
a fundamental trade-off in crowd dynamics within constrained environments.

5.3.1 Statistical Analysis

To verify that the observed differences in transit time and collision frequency between
behavioral profiles were statistically significant and not the result of random variation
inherent to the simulation’s stochastic nature, the data was subjected to parametric
inferential testing. Prior to executing the primary analysis, a Shapiro-Wilk test was
conducted to verify that the underlying datasets adhered to parametric assumptions.
The test confirmed that all groups satisfied the normality assumption (p > 0.05 for
all configurations across both evaluated metrics), justifying the use of parametric
testing.

Consequently, a one-way Analysis of Variance (ANOVA) was conducted indepen-
dently for both performance metrics. An ANOVA is a statistical hypothesis test
used to evaluate whether the means of three or more independent groups differ sig-
nificantly from one another. It achieves this by calculating an F -statistic, which
represents the ratio between the variance existing between the group means (the
effect of changing steering weight profiles) and the variance present within each indi-
vidual group (the random fluctuation caused by the algorithm’s stochasticity). When
the variance between groups is significantly larger than the variance within groups,
the F -statistic increases, resulting in a low p-value that indicates the behavioral
configurations caused distinct differences rather than statistical noise.

For transit time, the ANOVA yielded a high variance ratio (F = 398.22, p <
0.001), confirming a highly significant overall effect of behavioral configuration on
throughput efficiency. For collision count, the effect was even more pronounced (F =
1266.26, p < 0.001), reflecting a large magnitude of difference in agent interaction
frequencies across the profiles.
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However, while a significant ANOVA confirms that a difference exists somewhere
across the groups, it does not identify which specific behavioral profiles diverge from
one another. To resolve these pairwise relationships without inflating the Type I
error rate (the risk of false positives occurring due to compounding probability when
performing multiple comparisons), a Tukey’s Honestly Significant Difference (HSD)
post-hoc test was subsequently applied. The Tukey HSD test conducts an all-pairwise
comparison across every combination of configurations by computing a critical differ-
ence threshold based on the studentized range distribution. Any absolute difference
between two sample means that exceeds this threshold is classified as a statistically
significant divergence.

The complete pairwise results are presented in Table 5.1 for throughput and
Table 5.2 for collision counts.

Table 5.1: Tukey HSD post-hoc results for Transit Time.

Group A Group B Mean Diff (s) p (adj.) Significant

Baseline Clinger 0.37 0.1076 No
Baseline Eccentric 3.76 <0.001 Yes
Baseline Individualist 4.49 <0.001 Yes
Clinger Eccentric 3.39 <0.001 Yes
Clinger Individualist 4.12 <0.001 Yes
Eccentric Individualist 0.73 0.0001 Yes

Table 5.2: Tukey HSD post-hoc results for Collision Count.

Group A Group B Mean Diff p (adj.) Significant

Baseline Clinger 774.35 <0.001 Yes
Baseline Eccentric −187.05 <0.001 Yes
Baseline Individualist −498.50 <0.001 Yes
Clinger Eccentric −961.40 <0.001 Yes
Clinger Individualist −1272.85 <0.001 Yes
Eccentric Individualist −311.45 <0.001 Yes

Notably, the only pair that failed to demonstrate a significant difference in the
post-hoc analysis was the transit time comparison between the Baseline and Clinger
profiles (p = 0.108). This outcome is critical: it indicates that despite the Clinger
profile producing nearly double the collision frequency of the Baseline, it does not
significantly reduce throughput speed. This confirms the core efficiency–safety trade-
off identified within this study. The Clinger profile preserves baseline-level flow speed
while generating a significantly higher rate of agent interactions, establishing it as
the most hazardous configuration under identical environmental constraints.



Chapter 6

Discussion

The primary objective of this thesis was to investigate how variations in Boids steer-
ing weights influence throughput efficiency and collision frequency within a con-
strained environment. Specifically, this study addressed the research question: How
does introducing agent heterogeneity in Boids steering weights affect throughput
efficiency and collision behavior in a constrained two-dimensional crowd simulation?

The following sections interpret the experimental findings in relation to estab-
lished theory, identify key trade-offs between efficiency and safety, and discuss the
limitations and broader implications of the study.

6.1 Answering the Research Question

The results demonstrate that the introduction of heterogeneity in the steering weights
has a significant impact on both flow predictability and safety. The baseline config-
uration derived through iterative heuristic tuning provided the most balanced per-
formance in both metrics. However, the introduction of heterogeneous behavioral
profiles did not simply introduce random variation, rather it shifted the system to-
wards more distinct behavioral patterns.

The findings indicate the presence of a nonlinear trade-off between efficiency and
safety. Configurations that prioritize individual space, such as the Individualist pro-
file, minimize collision frequency but do so at the cost of reduced throughput. In
contrast, configurations that emphasize group cohesion, such as the Clinger profile,
maintain relatively high throughput while substantially increasing the collision fre-
quency. Furthermore, reducing directional alignment, as in the Eccentric profile,
introduces stochastic instability, resulting in decreased predictability and increased
variability in system performance.

6.2 Thematic Analysis of Emergent Behaviors

Rather than viewing each behavioral profile in isolation, the results reveal broader
principles regarding how steering weights interact with environmental constraints.

6.2.1 The Efficiency-Safety Conflict

A central finding of this study is the inverse relationship between throughput and
collision frequency. The Individualist profile (Ws = 4.0,Wc = 0.3) achieved the
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lowest collision counts but simultaneously exhibited the lowest throughput. This
behavior can be interpreted as a form of spatial prioritization, where agents maintain
larger personal distances, effectively reducing the functional capacity of bottlenecks.

This observation is consistent with the work of Helbing [6], whose social force
model demonstrates that strong repulsive interactions while preventing physical con-
tact can lead to reduced flow efficiency in high-density environments. On the other
end, the Clinger profile illustrates the opposite extreme: maintaining higher through-
put often comes at the expense of safety. In this case, elevated cohesion encourages
clustering, which, within the constrained geometry of the test course, leads to local-
ized congestion and physical instability.

These results highlight a fundamental limitation of the Boids model when applied
to crowd simulation. Even though high cohesion produces visually realistic flocking
behavior in biological contexts as originally demonstrated by Reynolds [5], it can
generate physically unrealistic crowd dynamics in environments where agents are
forced to prioritize group proximity over basic collision avoidance.

These findings show a degree of alignment with the pedestrian dynamics described
by Moussäid et al. [7], who demonstrated that individual behavioral variation, such as
differences in boldness and cautiousness, can significantly alter evacuation dynamics.
The Individualist profile’s tendency to queue and hesitate at bottlenecks mirrors the
cautious pedestrian archetype described in their work, while the Clinger profile’s clus-
tering behavior resembles the high-density pushing dynamics associated with bolder,
proximity-tolerant individuals. Furthermore, the trade-off between separation-driven
safety and cohesion-driven throughput observed here is broadly consistent with Hel-
bing’s social force model [6], which similarly finds that stronger repulsive interactions
reduce flow efficiency in constrained environments, though at the benefit of reduced
physical contact. The key distinction is that the present study isolates this effect at
the level of individual steering weight parameters rather than aggregate force magni-
tudes, offering a more granular view of how specific behavioral tendencies translate
into system-level outcomes.

6.2.2 Stochasticity and Directional Coherence

The study also highlights how individual variance affects the predictability of the
group. The Eccentric profile, characterized mainly by reduced alignment (Wa), pro-
duced the highest standard deviation in transit times. This suggests that when a
subset of agents ignores the local heading, they act as "stochastic obstacles." In nar-
row corridors, even a minor directional deviation can trigger a cascade of steering
corrections among nearby agents. This supports the findings of Couzin et al. [8],
demonstrating that a minority of individuals with divergent behaviors can dispro-
portionately disrupt the efficiency of the entire collective.

6.3 Broader Implications

The findings of this study offer several implications for crowd management and the
architectural design of pedestrian environments. Most notably, the results highlight
the critical necessity of accounting for behavioral diversity within simulated pop-
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ulations. Because real-world crowds are inherently heterogeneous, the presence of
individuals who prioritize personal space (Individualists) or deviate from group di-
rectional norms (Eccentrics) can significantly alter systemic throughput and safety
thresholds.

From a methodological perspective, this research demonstrates the efficacy of
simulation-based experimentation (in silico) as a safe, scalable, and cost-effective
tool for exploring complex crowd dynamics. Using virtual environments, researchers
can stress-test architectural layouts without the logistical complexities or ethical risks
associated with large-scale human trials.

It should also be acknowledged that the 50/50 split between behavioral profiles,
while effective for isolating and contrasting behavioral patterns, does not reflect
realistic demographic distributions found in real crowds. Future work could explore
more naturalistic proportions, where non-conforming behavioral types represent a
smaller minority, which would strengthen the external validity of these findings for
real-world applications such as urban safety planning and evacuation modeling.

Ultimately, these results underscore that pedestrian environments must be de-
signed to accommodate a spectrum of movement behaviors. Systems optimized
strictly for "average" behavior risk becoming inefficient or unstable when faced with
the natural variability of human crowds, particularly in high-density bottlenecks or
constrained urban settings.

6.4 Limitations
The results of this study are constrained by several modeling assumptions. The
simulation operates in a two-dimensional environment with purely reactive agents,
which simplifies real-world pedestrian behavior. In practice, individuals exhibit an-
ticipatory movement and more complex spatial adjustments that are not captured
by the Boids model.

The behavioral parameters were determined through heuristic tuning rather than
systematic optimization. Although this produced distinct profiles, it does not fully
explore the parameter space, and alternative configurations may yield different dy-
namics. Additionally, experiments are limited to a single environment layout and a
fixed population size, which restricts the generalizability of the findings.

Collision frequency, used as a proxy for safety, also introduces limitations. In high-
density scenarios, agents may become temporarily locked, producing rapid repeated
contacts (“micro-collisions”) that inflate the recorded collision count. In real-world
settings, such interactions would more closely resemble sustained physical contact
than multiple discrete collisions. As a result, collision counts should be interpreted
with caution.

Finally, the evaluation reflects an inherent trade-off between efficiency and safety.
The relative importance of these metrics is context-dependent and the weighting
chosen can influence how performance is assessed.





Chapter 7
Conclusion and Future Work

7.1 Conclusion
This thesis investigated how the introduction of agent heterogeneity in the Boids
steering weights affects throughput efficiency and collision behavior in a constrained
two-dimensional crowd simulation. The results show that variations in local steering
parameters produce distinct and predictable behavioral patterns rather than random
variation.

Compared to the homogeneous baseline, heterogeneous configurations signifi-
cantly alter system performance. The Individualist profile reduces collision frequency
and improves the safety but lowers throughput. In contrast, the Clinger profile
maintains high throughput but at a cost of higher collisions. The Eccentric pro-
file demonstrates how reduced alignment disrupts directional coherence, leading to
reduced predictability.

These findings confirm a fundamental trade-off between efficiency and safety in
constrained environments, particularly in bottleneck scenarios. No single configu-
ration optimizes both objectives simultaneously. Instead, the balance between the
steering weights determines whether the system favors flow efficiency or reduced
interaction.

The results further highlight how global waypoint-driven navigation and local
steering behaviors interact to shape crowd dynamics. The waypoints guide the overall
movement while local rules dictate how agents negotiate space under constraints.

Overall, this study contributes to a deeper understanding of how heterogeneous
local interactions influence emergent behavior in crowd simulations, extending the
Boids model beyond homogeneous flocking toward more realistic and varied crowd
dynamics.

7.2 Perspective and Future Work
The findings emphasize the importance of accounting for behavioral diversity in
crowd simulation. Future work could incorporate more realistic agent models with
anticipatory behavior, explore more complex environments and densities, and refine
safety metrics to better represent sustained physical interactions rather than repeated
micro-collisions.

Additionally, the heterogeneous profiles in this study were introduced at a fixed
50/50 population ratio. Future work could investigate how varying this proportion
affects the observed dynamics, particularly whether a smaller heterogeneous minority
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is sufficient to produce similar systemic effects. This is motivated by the findings of
Couzin et al. [8], who demonstrated that even a small informed minority can signif-
icantly influence the collective movement of a group, suggesting that the threshold
at which heterogeneous behavior becomes disruptive may be considerably lower than
50%.

Finally, systematic parameter exploration could provide a more comprehensive
understanding of how steering weights influence emergent dynamics across a broader
range of configurations. Such extensions would improve both the realism and appli-
cability of simulation-based crowd analysis.
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Appendix A
Supplemental Information

(a) Shapiro-Wilk test code (b) Shapiro-Wilk test output

Figure A.1: Shapiro-Wilk normality test confirming all behavioral profiles satisfy the
normality assumption (p > 0.05) for both transit time and collision count.
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Figure A.2: Python code for one-way ANOVA and Tukey HSD post-hoc test.
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