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Project Summary

Stock autonomous-driving software stacks treat every detected pedestrian like a roadside obstacle,
stopping the vehicle whenever a pedestrian enters its safety envelope. On a shared campus pathway,
where pedestrians and a low-speed shuttle routinely share the same space, this stop-start behaviour
makes a useful service impossible. This thesis develops a pedestrian-aware velocity planner that ad-
dresses the problem, and evaluates it on the nUWAy EasyMile EZ10 shuttle operated by the University
of Western Australia.

The planner is a drop-in plugin to the behaviour-velocity stage of the open-source Autoware planning
stack, and has two components. The first is a crowd-matching velocity model that sets the shuttle’s
desired forward speed to the mean walking speed of pedestrians moving in the same direction within
a 15 m radius, supported by the macroscopic flow literature in which the same speed—density relation-
ship has been characterised at pedestrian densities. The second is an open-loop, quadratic ramp that
smoothly reduces the commanded velocity as the nearest pedestrian in front closes from 10 m to 3 m,
which accounts for stationary pedestrians or pedestrians walking more slowly than the crowd aver-
age. The stock Autoware obstacle-stop module is kept downstream as a hard safety backup at 0.8 m.
The remaining default modules of the planning preset were removed because they are not needed for

shared-pathway operation.

The proposed module was benchmarked against seven alternative configurations made up of differ-
ent combinations of these components, including stock Autoware, a tuned version of Autoware, a
Helbing—Molnér social-force controller, and a closed-loop PID variant. All configurations were eval-
uated in the AWSIM simulation environment with bidirectional pedestrian traffic on a 6 m shared
pathway. On the straight scenario, the proposed configuration achieves an 8.4-fold reduction in ve-
locity standard deviation and a 6.8-fold reduction in mean absolute jerk relative to stock Autoware,
with zero stops compared to three for the stock baseline. On the perpendicular crossing scenario, it
again records zero stops where the closed-loop PID variant records five. The 0.155 m/s® mean jerk
and 1.4 m/s> maximum deceleration sit well within the comfort thresholds of ISO 22737:2021 and
other literature baselines. A density sweep from O to 60 simultaneously-spawned pedestrians shows

that all three smoothness metrics degrade gracefully across the campus operating envelope.

The principal contribution is framing pedestrian interaction as a flow-matching problem rather than
an obstacle-avoidance problem. The solution is packaged as an Autoware plugin that requires no
changes to the surrounding stack, and is portable to any vehicle running the same planning archi-
tecture. Recommended future work includes further simulation evaluation on curved geometries and
more complex shared-space pedestrian distributions, validation of the model on a live shuttle in a

campus environment, and investigation of model-predictive pedestrian tracking.
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Nomenclature

Abbreviations
AWSIM  Autoware Simulator (Unity-based)
CAN Controller Area Network
CPU Central Processing Unit
GNSS Global Navigation Satellite System
GPU Graphics Processing Unit
HD map High-Definition map
IMU Inertial Measurement Unit
ISO International Organization for Standardization
LiDAR  Light Detection And Ranging
LWR Lighthill-Whitham—Richards (kinematic-wave model)
MFD Macroscopic Fundamental Diagram
MPC Model-Predictive Control
NDT Normal Distributions Transform
PCD Point Cloud Data
PID Proportional-Integral-Derivative (controller)
REV Renewable Energy Vehicle (UWA team)
ROS Robot Operating System
SFM Social Force Model
TTC Time-To-Collision
UWA The University of Western Australia
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Desired velocity (m/s)

Ego vehicle velocity (m/s)

Mean crowd velocity (m/s)
Relaxation time constant (s)
Distance to nearest pedestrian (m)
Braking onset distance (m)
Proximity ramp floor distance (m)
Co-flow detection radius (m)
Co-flow speed threshold (m/s)
Minimum co-flow count
Pedestrian-flow density (ped/m?)
Pedestrian-flow rate (ped/m/s)
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Chapter 1

Introduction, Literature Review and Project

Objectives

1.1 Introduction

Shared-space navigation, where vehicles operate on paths shared with pedestrians without lane mark-
ings or right-of-way conventions, is among the harder open problems in low-speed autonomy. The
UWA Renewable Energy Vehicle (REV) team’s nUWAy is a direct example: an electric autonomous
shuttle that operates almost entirely on shared pedestrian paths. The shuttle runs the open-source
driving stack Autoware, which by default places a stop point on the path five metres short of every
detected pedestrian. On a shared path this produces stop-and-go motion that makes the service nearly
unusable and uncomfortable. The current workaround is to disable the perception system and rely
on the safety operator to stop the vehicle via the dead-man switch or by switching back to manual

driving.

This thesis proposes a Pedestrian-Aware Velocity Planner, an Autoware plugin that estimates the local
pedestrian flow around nUWAy and adjusts forward speed to match it. A second component slows
the shuttle smoothly as it approaches the nearest pedestrian in its path, and the stock obstacle-stop
modules are kept as a fallback. The rest of this chapter reviews relevant literature (Section and
states the project objectives (Section[I.3)).

1.2 Literature Review

1.2.1 Autonomous Shuttle Deployments

Low-speed automated shuttles are small electric buses carrying 8—15 passengers at up to about 25 km /h
on fixed routes, driven autonomously with an on-board safety operator (EasyMile, Navya, 2getthere).
The U.S. Department of Transportation State-of-the-Practice review [1] reports that deployed shuttles
cope well on regular roads but struggle on shared pathways, where the usual fix is conservative stop-
and-go with the operator taking over when needed. The survey is dominated by regular-road routes
and so under-represents the shared-path failure mode this thesis addresses. The UNC Charlotte pilot
of Golchin et al. [2] (825 trips on a mixed-traffic campus route similar to nUWAy’s) shows the same

pattern: pedestrian and cyclist interactions are the leading cause of the autonomous system being



switched off, with no software-side fix reported beyond operator hand-off. The closest pedestrian-
aware shuttle work is the collision-avoidance system of Pascucci et al. [3], which also reduces to a
binary stop-or-go decision and depends on roadside infrastructure not available on campus shared

paths.

1.2.2 Autonomous Driving Software Stacks

The two main open-source autonomous-driving stacks, Autoware [4] and Apollo [5]], split the plan-
ning pipeline into the same six stages (Figure [I.1): mission, behaviour-path, behaviour-velocity,
motion-velocity, smoother, and control. Both let new modules plug into the behaviour-velocity stage

without touching the rest of the stack.

Route Mission Behaviour Behaviour Motion Velocity G ] Actuators
(start — goal) Planner Path Planner Velocity Planner Velocity Planner Smoother ontro (throttle / brake / steer)

Which roads? Which lane and How fast; Smooth Limit accel Track the profile

manoeuvre? where to stop? speed profile and jerk

Figure 1.1: Planning subsystem of a typical autonomous-driving stack (Autoware, Apollo). The
behaviour-velocity stage is the entry point for pedestrian-aware longitudinal logic.

This thesis sits in the behaviour-velocity stage. Stock Autoware ships three pedestrian-relevant mod-
ules: a crosswalk module that triggers on time-to-collision, a run-out module for obstacles hidden
behind occlusions, and an obstacle-cruise planner that places a stop point on the path roughly 5m
short of any obstacle ahead. All three pick the single nearest relevant obstacle and ignore the rest of
the scene (Figure[1.2). The Apollo modules [5] work the same way. The plugin interface is flexible,
but every shipped pedestrian module reduces the scene to one pedestrian at a time. This template
cannot handle many simultaneous pedestrians or reason about the density and flow of a co-moving

crowd, both of which are the norm in a shared space.

Insert stop point at
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planned path along path
detected obstacles T yes
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Select single obstacle
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Figure 1.2: Internal structure of stock behaviour-velocity modules: a single nearest relevant obstacle
is selected from the detected-obstacle set, and the module emits a stop-point at a fixed margin behind
the obstacle along the path (the bus then decelerates toward it via downstream velocity smoothing),
or a cruise velocity when the path is clear.




1.2.3 Passenger Comfort Engineering

A mechanically safe manoeuvre is not necessarily comfortable to ride. The relevant physical quantity
is jerk, the rate of change of acceleration: passengers feel how abruptly acceleration is applied, not

just its magnitude (Figure (1.3).
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Figure 1.3: Two braking profiles to the same final speed: a bounded-jerk profile (blue) whose peak
jerk sits exactly on the +1m/s® comfort threshold, and a near-step profile (red) whose jerk spike
exceeds the threshold by several times.

Four sources propose how comfort parameters should be measured and bounded. ISO 2631-1:1997 [6]
specifies frequency-weighted whole-body-vibration metrics for transit ride quality. De Winkel et
al. [[7] identify jerk as a dimension missing from ISO 2631-1:1997 for autonomous-vehicle ride com-
fort. ISO 22737:2021 [8] sets a 4.9 m/s?> max for accelerations to be comfortable for low-speed
automated driving systems on predefined roads. Shared spaces fall outside its scope, so this limit is
moreso an extreme upper limit. Elbanhawi et al. [9] report longitudinal jerk as the strongest predictor
of passenger discomfort during forward motion (separate from turning), with the comfort threshold

being reported as 2.6 m/s3.

1.2.4 Pedestrian Behaviour in Shared Spaces

A “shared space” is public ground used simultaneously by pedestrians and vehicles, without kerbs,
lane markings, or formal right-of-way conventions. Campus paths, plazas, and pedestrianised streets

are typical examples. The defining feature is that vehicles must drive in among pedestrians rather than
alongside them (Figure [1.4).



(a) Lane-segregated road traffic (b) Shared-space negotiation
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Figure 1.4: Lane-segregated road traffic (a) versus a shared space (b).

The CityMobil2 European programme [10] reports that pedestrians in shared spaces treat slow-
moving vehicles as obstacles to step around rather than traffic with right of way, continuously ad-
justing their path and speed in response. The report’s recommendations are about how to operate the
service rather than how to program the controller, leaving the question of how the vehicle should re-
spond open. Pedestrian density is the single best predictor of average vehicle speed, and shared-space
behaviour is responsive, social, and density-dependent in ways that cannot be captured by treating

each pedestrian as an independent obstacle.

1.2.5 Pedestrian Dynamics: Microscopic and Macroscopic Models

Pedestrian crowds are modelled at two scales: microscopically, as individual people, and macroscop-

ically, as a continuous flow with an overall density and an average velocity.

Microscopic models. The Social Force Model (SFM) of Helbing and Molnar [/11] treats each pedes-
trian as a particle under three “social” forces (Figure[1.5): an attractive driving force toward the des-
tination at preferred walking speed, exponentially decaying repulsions from nearby pedestrians, and

similar repulsions from walls.
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— ﬁgoalz attractive force toward intended destination
— F.,5: repulsive force from another pedestrian
— ﬁwa“: repulsive force from walls / static obstacles

= Fhet = Fyoul + Fog + Fyan: net force determining o’s acceleration

Figure 1.5: The three SFM force components acting on pedestrian « and their resultant Fhe (purple).
Arrow lengths are drawn proportional to magnitude.

Extensions cover group walking [12], [[13]] and vehicle—pedestrian interaction by treating the vehicle
as another particle that exerts a repulsive force on pedestrians [14]. SFM was designed to describe
how pedestrians move, not to tell a vehicle what to do. Section shows that using it as a speed
controller creates a feedback loop where higher vehicle speed produces stronger braking, leading
to sustained oscillation. The deep-learning alternative reviewed by Korbmacher and Tordeux [15]
predicts trajectories more accurately but needs more compute and training data than nUWAy currently

has.

Macroscopic models. The macroscopic perspective treats a stream of agents like a fluid, with den-
sity p and average velocity v linked by the fundamental diagram: average speed falls roughly linearly
with density, and the flow rate ¢ = vp is parabolic, peaking at half the jam density (Greenshields [|16]]).
Lighthill, Whitham, and Richards [17]], [18] extended this into a continuous wave model, and Da-
ganzo [19] recast it as discrete cells for real-time control. Geroliminis and Daganzo [20] showed the
same relation holds across an entire urban road network, providing the basis for city-wide perimeter
control. The same relationship has been measured for pedestrian streams. This literature is referenced
as theoretical support for treating a co-flowing crowd as a stream with its own typical speed rather
than a set of independent obstacles, not as the source of the controller design. Existing applications
operate at the network scale. No published work has applied the idea to a single vehicle moving with

pedestrians.



1.2.6 Model-Predictive Control in Pedestrian-Dense Scenes

The dominant approach to vehicle control in pedestrian-dense scenes is model-predictive control
(MPC). On every tick the controller scores candidate command sequences against a cost combining
tracking error, near-miss penalties, and jerk, applies the first command of the lowest-cost sequence,
then re-plans (Figure [[.6). A pedestrian-motion predictor (Section usually runs inside the
optimisation. Most published work controls steering and speed jointly. Aslam et al. [21] are rep-
resentative: their MPC commands the wheel velocities of a service robot with a learned trajectory
predictor inside the optimisation, at a per-tick cost that does not scale to the embedded compute on a
low-speed shuttle. Yang and Ozgiiner [22] restrict the optimisation to forward speed only, with SFM
as the in-loop predictor (vehicle as another particle exerting force). They beat reactive baselines on
the safety-versus-throughput trade-off, but still need a quadratic-programming solve every tick. Be-
cause SFM is in the cost function, they inherit the same feedback loop where higher speed produces
stronger braking, isolated in Section Their forward-speed-only scope is the closest match to this

thesis: a route-bound shuttle that hands steering to the stock controller.
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Figure 1.6: The SFM-with-MPC longitudinal-speed regulator of Yang and Ozgiiner [22]: architecture
(top) and receding-horizon principle on ego speed (bottom).



1.2.7 Synthesis and Research Gap

Three observations follow. First, deployed shuttles and the stock planning stacks they run on choose
forward speed by reacting to one obstacle at a time, with no continuous adjustment to the surround-
ing crowd. Second, pedestrian-dynamics modelling is well developed at both the individual and the
crowd-flow scale, but neither approach has been put inside the controller of a deployed shuttle. Third,
research on crowd-aware vehicle control is dominated by MPC schemes that control steering and
speed together. Yang and Ozgiiner’s speed-only formulation is the closest published precedent, and
the macroscopic-flow approach has not yet been used to control a single vehicle moving with pedes-

trians.

The gap is the absence of a forward-speed controller for shared-space shuttles that adjusts the vehi-
cle’s speed based on the surrounding pedestrian flow, runs inside the stock behaviour-velocity tick,
and works alongside the stock obstacle-stop modules as a fallback. The Pedestrian-Aware Velocity

Planner targets that gap.

1.3 Project Objectives

The aim of this thesis is to implement a novel pedestrian based velocity controller on the nUWAy
platform. The work spans the two consecutive units that make up the project: GENGS5511 (Part 1,
Integration and testing, Semester 2 2025) and GENGS5512 (Part 2, Planner design and evaluation,

Semester 1 2026). It is organised around six specific, measurable objectives.

1. Integrate Autoware on nUWAy. Build a Dockerised install for nUWAy’s compute hardware
(Nvidia Jetson Orin), integrate the on-board sensors (Velodyne LiDAR, SBG GNSS+IMU, ve-
hicle CAN), create a pcd and lanelet2 HD map of the Crawley campus, bring up localization,

and launch the stock planning pipeline.

2. Establish a repeatable simulation environment. Build AWSIM scenes (straight co-flow, per-
pendicular crossing, density sweep), a Social-Force-driven bidirectional pedestrian simulator
with keep-left walking, a ground-truth object-relay pipeline, and a metric-extraction pipeline

on recorded rosbags.

3. Implement a classical Social Force Model controller. Build a forward-speed controller that
treats the vehicle as an SFM agent, in the same plugin framework. This provides a representative

baseline from the prior microscopic-model literature.

4. Design and implement the Pedestrian-Aware Velocity Planner. Combine a crowd-matching
speed target, drawn from the macroscopic-flow framing of Section with an open-loop
quadratic ramp that slows the shuttle as the nearest pedestrian in its path approaches. Implement
it as a behaviour-velocity plugin that runs inside the stock Autoware planning pipeline, leaves
the rest of the stack untouched, and keeps the stock obstacle-stop module as a fallback. Steering

and lane following is left to the stock controller.



5. Compare the controller to other methods. Benchmark on the straight and perpendicular-
crossing scenarios against stock Autoware, a parameter-tuned preset, the SFM baseline, a
closed-loop PID variant, and configurations that isolate the crowd-matching and proximity
components individually. Report velocity smoothness, safety (clearance, time-to-collision, stop
count), and crowd-speed tracking accuracy against the thresholds of Section [I.2.3]

6. Characterise the operating environment and fallback behaviour. Bus sensor replay from
a standard drive into the full Autoware stack to track pedestrian counts. Sweep pedestrian
density from 0 to 60 simultaneously spawned at the proposed configuration to map performance
degradation across the range. Stress-test the dual-layer safety stack with stationary obstacles at

fixed onset distances and dynamically spawned pedestrians at set distances ahead of the vehicle.



Chapter 2

Model Formulation

This chapter presents the pedestrian-aware velocity planning module: a plugin for the Autoware
behaviour-velocity planner that matches the speed of the surrounding pedestrian flow, slows smoothly
as the nearest pedestrian in the path approaches, and falls back to a tuned obstacle-stop. It cov-
ers the system, simulation environments, planning preset, perception pipelines, module formulation,

comparative-study design, validation, and limitations.

2.1 System Overview

The nUWAy autonomous shuttle is an EasyMile EZ10 platform operated by the Renewable Energy
Vehicle (REV) Project at UWA. nUWAYy operates on shared campus pathways 3-8 m wide, on which

pedestrians and vehicles travel at walking speeds under a campus-mandated 5 km/h speed limit.

The Autoware planning pipeline processes a route through a sequence of stages: mission planning,
behaviour path planning, behaviour velocity planning, motion velocity planning, velocity smooth-
ing, and vehicle control. The module presented here is a plugin within the behaviour velocity stage
(Figure 2.1)). The configuration of the surrounding Autoware stack for shared-pathway operation is
described in Section

Rout Mission Behavior Behavior Motion Veloc1t Velocity Actuat
oute ontro ctuators
Planner Pdth Planner Velocity Planner Planner Smoother

Pedestrian-Aware

Velocity Planner

Plugin module

Figure 2.1: Autoware planning pipeline. The Pedestrian-Aware Velocity Planner operates as a plugin
within the Behavior Velocity Planner, modifying the velocity profile along the existing planned path.

2.2 Simulation Environments

Testing was conducted in AWSIM, the Unity-based Autoware simulator, so the ISO 22737:2021
pedestrian-interaction scenarios [[8] could be evaluated repeatedly without risk. A pedestrian simu-

lator driven by the Helbing—Molnar social force model [11] generates bi-directional traffic with the



pedestrians keeping left. Two environments were used: a lightweight environment that bypasses Au-
toware localisation and perception in favour of AWSIM’s ground-truth pose (Section [2.4.1)), used for
the comparative study, and a full-stack environment that runs the standard Autoware NDT + Center-
Point chain.

The lightweight environment hosts two scenarios: a 400 m straight 6 m-wide shared pathway with
a Skm/h limit (Figure and a crossing scenario that adds a perpendicular flow, exercising the
ISO 22737:2021 vulnerable-road-user crossing geometry (Figure[2.3)).

Figure 2.2: Isometric view of the straight scenario in the lightweight environment with bi-directional
pedestrian traffic on the 6 m shared pathway.

T —

Figure 2.3: Lightweight environment, crossing scenario. A perpendicular pedestrian flow intersects
the shuttle’s path while bi-directional traffic continues along the shared pathway.

The full-stack environment runs the standard Autoware NDT + CenterPoint chain (Figure[2.4)). Walls,
pillars, trees, and buildings were added so NDT had enough geometric features to converge against
the sparse VLP-16 returns, and the resulting environment was captured as a PCD map. Running

the full chain alongside Unity saturated the GPU and CPU, producing uneven frame rates, so the



comparative study (Section [2.6) ran in the lightweight environment for consistent timing. The full-
stack environment was kept for validating the Autoware multi-object tracker against ground truth in
Section[3.3]

Figure 2.4: Full-stack simulation environment running the Autoware NDT localisation and Center-
Point perception pipeline, with RViz on the left and the AWSIM Unity scene on the right.

2.3 Planning Stack Configuration

The default Autoware preset is designed for structured public-road driving with conservative mar-
gins for higher-speed traffic [4]. Several of those modules are directly responsible for the stop-start
behaviour this work aims to fix. A modified preset (Table disables most behaviour and mo-
tion modules, keeping only the goal and start planners, the proposed plugin, and the path optimiser
with elastic-band smoother. Autoware’s obstacle stop module is kept downstream with its activation

margin reduced to 0.8 m, as a last-resort fallback.
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Table 2.1: Planning stack modules enabled in the default Autoware preset versus the modified preset
used for shared-pathway operation.

Stage

Default preset

Modified preset

Behaviour path

Goal planner
Start planner
Side shift

Static obstacle avoidance

Dynamic obstacle avoidance

Lane change (left / right)
Avoidance-by-lane-change

Sampling planner

Bidirectional traffic

Goal planner

Start planner

Behaviour velocity

Crosswalk
Walkway

Traffic light
Intersection
Roundabout
Merge-from-private
Blind spot
Detection area
Virtual traffic light
No-stopping area
Stop line
Occlusion spot
Speed bump
No-drivable-lane

Velocity planner plugin

Motion path

Path optimiser

Elastic-band smoother

Path optimiser

Elastic-band smoother

Motion velocity

Obstacle stop
Obstacle slow-down
Obstacle cruise
Dynamic obstacle stop

Out-of-lane

Obstacle velocity limiter

Run-out

Boundary departure prevention

Road user stop

Obstacle stop (margin 0.8 m)

Velocity smoother

JerkFiltered

JerkFiltered
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2.4 Perception Pipeline

The module consumes pedestrian detections with velocity estimates. Two pipelines were developed:
a simulation pipeline isolating the planner from real-world perception error and a deployment pipeline
detecting pedestrians from a sparse 16-beam LiDAR.

2.4.1 Simulation

In the lightweight environment, AWSIM exposes pedestrian and vehicle ground-truth state directly.
Pedestrian objects with their ground-truth positions and velocities are republished onto the Autoware
tracker output topic that the planner subscribes to, and the AWSIM ground-truth ego pose is fed in
place of the NDT scan-matcher output. No detection, association, or velocity-estimation step sits
between AWSIM and the planner (Figure [2.5). This isolates the comparative study from perception
error and from the geometric-feature requirements of NDT, which the lightweight environment lacks.
The full-stack environment restores the standard Autoware NDT + CenterPoint + multi-object tracker

chain for the tracker-validation work of Section[3.3]

AL PredictedObjects
Ground Truth
AWSIM Ego Ego Pose ry
Ground Truth

Figure 2.5: Simulation perception pipeline in the lightweight environment. AWSIM pedestrian and

ego ground-truth state are republished directly onto the Autoware topics consumed by the velocity
planner. No detection, association, or velocity-estimation step sits between AWSIM and the planner.

Velocity

Planner

2.4.2 Live Deployment

nUWAYy runs the standard Autoware tracker and map-based prediction. The default detector, Center-
Point [23]], is trained on dense 64/128-beam LiDAR. nUWAy carries a 16-beam Velodyne VLP-16,
which produces only a handful of returns per pedestrian at campus ranges, and the stock weights ini-
tially gave poor recall. Two detectors were evaluated on nUWAy rosbags: CenterPoint [23]] and the
Apollo instance-segmentation network [5]], which uses clustering and was expected to degrade more
gracefully at low point density. A post-filter dropping non-pedestrian classes and oversized boxes
allowed the CenterPoint threshold to be relaxed without producing spurious tracks, recovering recall.
The two detectors were then equivalent in performance (Figure [2.6), and CenterPoint was kept for

consistency with mainline Autoware.
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Figure 2.6: Live nUWAy perception output displayed in RViz during a campus rosbag replay showing
pedestrian detections after the label-remap and bounding-box post-filter stage.

2.5 Velocity Planning Module

Two velocity-planning approaches were investigated. A classical social-force formulation [11], treat-
ing pedestrians as particles that push the vehicle away, proved unsuitable on shared paths (Sec-

tion[2.5.1). This motivated the crowd-matching model with a proximity component described below.

2.5.1 Classical Social Force Approach

The classical SFM [11] computes a repulsive force between vehicle and pedestrian as an exponential
function of separation (Figure[2.7)):

F = Aexp (TS““‘B_ d) .1)

where A sets the strength of the force, B sets how quickly the force falls off with distance, 7y is

the sum of the vehicle half-width and the pedestrian radius, and d is the separation. Forces from all

14



nearby pedestrians are summed and mapped linearly to a velocity scale factor between 0 and 1.

Destination

2.
%,
2
&

<~
%
(<]

Figure 2.7: Classical social force interaction. The repulsive force decays exponentially with separa-
tion distance, producing late, abrupt braking when applied to a 2,050 kg shuttle.

The unmodified formulation produces late, abrupt braking on a 2,050 kg EZ10 [24]. A speed-proportional
buffer deir = d — kveg, triggers the force earlier at higher speeds, but creates a feedback loop (Sec-
tion: accelerating shrinks d.g, inflates the force, decelerates the vehicle, then reverses. Removing

the buffer (k = 0) kills the oscillation but restores the late braking, motivating the alternative below.

2.5.2 Crowd-Matching Velocity Model

Pedestrians on UWA campus pathways generally keep left, so counter-flow walkers tend to cross to the
opposite side before nUWAy reaches them. nUWAy therefore also keeps left and matches the speed of
co-flow traffic. The idea has theoretical support from the macroscopic fundamental diagram [16] and
the kinematic-wave model [17], [18]]: in a stream, an individual’s stable speed is well approximated

by the local stream mean.

Each pedestrian within a 15 m radius of nUWAy, in any direction, is classified as co-flow if its forward
velocity Veoi = Vped,i * h exceeds the threshold Umresh- Pedestrians anywhere within the 15 m radius
are considered, but only those moving in the same direction as nUWAy count as co-flow. This differs
from the proximity component in Section which only looks ahead. When the co-flow count

reaches ny,,, the target velocity is

1
Utarget — min Udesired » ﬁ § VUco,i (22)

=1

Wwith Vgesirea = 1.39m/s (5 km/h). When the co-flow group is lost, the last crowd speed is held for
thola then ramped linearly back to vgesieq. The target is applied through a first-order smoothing filter

—At/T

Vg1 = Uk + a(vtarget —y)witha=1—¢ and 7 = 2.0, so the response time does not depend

on the controller’s tick rate.
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{ Classify as co-flow }
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ramp toward Vgegired
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min (Udesireda Ucrowd)
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Figure 2.8: Crowd-matching velocity planning algorithm. Detected pedestrians are classified as co-
flow or counter-flow. If sufficient co-flow pedestrians are present, the target velocity matches their
mean speed; otherwise the previous crowd speed is held for ¢4 before ramping back to the desired
speed. A proximity-based following controller and exponential relaxation smoothing are applied
before setting the trajectory velocity.
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2.5.3 Proximity-Based Velocity Attenuation

Crowd-matching does not consider the distance to the nearest pedestrian directly ahead. When that
pedestrian is slower than the crowd average, or is stationary, the speed must be reduced further. A
distance-dependent velocity scale is applied after crowd-matching:

2
s = clamp(m, 0, 1) , Vtrget = Verowd - S (2.3)

dbrake - dmin

with dpe = 10 m onset and d,;, = 3 m floor. The quadratic scaling produces gentle initial decelera-

tion and stronger attenuation as d decreases.

This formulation is deliberately open-loop: it maps the distance directly to a target velocity, rather
than trying to track a target following distance. A closed-loop PID variant was evaluated (Config H,
Section [2.6). Delays in the downstream Autoware velocity smoother caused the PID controller to
oscillate, with jerk five times that of the open-loop ramp. The Autoware obstacle stop module provides
a hard 0.8 m fallback (Figure[2.9).

Autoware

fallback
) no crowd
E Vdesired
N
>
=
-
8

v

E crowd
>
-
[P]
5
[

planner =0

0.8 dmin = 3 db'ra,ke =10

Distance to pedestrian d (m)

Figure 2.9: Velocity profile produced by the proximity attenuation, shown for the no-crowd regime
(solid) and an example crowd-matched regime at v¢.o,q = 0.9 m/s (dashed).

2.5.4 Fallback Behaviour

The module sits inside an existing safety stack rather than providing its own (Figure [2.9). Under
normal operation, the proximity component reduces commanded velocity from full speed at 10 m to
zero at 3m, applied after crowd-matching but before the smoothing filter. Two fallbacks sit under-
neath. Autoware’s obstacle stop runs downstream at 0.8 m, bypassing the smoothing filter. The EZ10
platform also carries four corner safety LiDARSs, hard-wired to trigger an emergency stop that must
be manually rearmed [24]]. Across the comparative-study scenarios of Sections the maximum
deceleration was 1.4 m/s?, well below the 4.9 m/s? ISO 22737:2021 limit [8], and the minimum pedes-
trian clearance stayed above 2.0 m. The fallback layers under stationary and jumpout stress tests are
characterised separately in Section [3.5]
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2.6 Comparative Study Design

An eight-configuration comparative study isolates what each component contributes (Table 2.2). A
and B are stock Autoware and a parameter-tuned version. C and G evaluate the classical SFM without
and with the proximity component. D is the proposed solution. E and F isolate the crowd-matching

and proximity branches individually. H replaces the open-loop proximity ramp with a PID distance

controller.
Table 2.2: Comparative study design.
Config Velocity Model Distance Control Purpose
A: Stock None (5 m stops) N/A Baseline (stock Autoware)
B: Campus-Tuned None (1.2 m stops) N/A Parameter tuning only
C: Classical SFM Helbing repulsive ~ None Traditional SFM approach
D: Crowd-Match+Prox Crowd-matching Proximity atten.  Proposed solution
E: Crowd Only Crowd-matching None Isolate crowd-matching
F: Prox Only None Proximity atten.  Isolate proximity atten.
G: Classical+Prox Helbing repulsive  Proximity atten. =~ SFM with distance control
H: Crowd+PID Crowd-matching PID controller Closed-loop alternative

Configurations were evaluated on three scenarios: 60 s of straight bi-directional traffic, a 40 s perpen-
dicular crossing, and a density sweep from O to 60 simultaneously spawned pedestrians. Metrics span
smoothness (standard deviation of velocity, mean jerk), safety (minimum TTC, minimum clearance),
and efficiency (distance travelled, stop count). Each configuration was tuned independently across up
to five iterations, so observed differences reflect the algorithm rather than poorly chosen parameters.
Configuration H was evaluated only on the crossing scenario, where its closed-loop behaviour was

most clearly distinguished. Results are presented in Chapter 3]

2.7 Model Validation

On an empty pathway the shuttle held the 5km/h limit throughout. Across the comparative-study
scenarios (Chapter the maximum observed deceleration was 1.4 m/s?, well below the 4.9 m/s?
ISO 22737:2021 comfort limit [8]. For nUWAy deployment, a CoflowPanel RViz plugin provides
a live on-vehicle readout of the crowd-matched target during supervised driving, and end-to-end ros-
bag replay (Section served as an integration check on recorded nUWAy data. The full-stack
simulation (Section[2.2)) provided a closed-loop check against the Autoware NDT + CenterPoint chain

on synthetic traffic.

2.8 Model Limitations

Several limitations are acknowledged. Evaluation is simulation-only, with bus install blocked by a

CUDA version mismatch. Test geometries are limited to the straight pathway and one perpendicular
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crossing. Curves and intersections were not evaluated. The module controls forward speed only, so
faced with an unmapped static obstacle it slows and stops but cannot route around it, and will wait
indefinitely. The simulated pedestrians follow strict keep-left walking, a simple approximation rather
than a realistic model of side-negotiation, so narrower shared spaces, plazas, and intersections where

keep-left does not hold remain outside the validated envelope.
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Chapter 3

Results and Discussion

This chapter reports the results of various testing done to evaluate the Crowd-Matching controller. The
chapter starts with an assesment of the controller against alternative controllers outlined in Section[2.6]
using the comfortability and safety metrics discovered in the literature. Following this, there will
be further analysis into Config D’s effectiveness specifically, as well as a review of why the SFM
controller failed. Finally, a discussion of the results compares the module against the state of the art,

and acknowledges limitations.

3.1 Velocity Smoothness

Ride smoothness is quantified by the standard deviation of forward velocity and the mean absolute
forward jerk, compared against the comfort thresholds in ISO 22737 [8] and Elbanhawi et al. [9]. All
data was collected from the minimal stright path simulation environment.

Table 3.1: Velocity smoothness and stop behaviour, straight pathway (60s, mixed bi-directional
pedestrian traffic).

Configuration Avg vel. (m/s) StdDev (m/s) Avg |j] (m/s?) Stops  Stopped (%)
A: Stock 0.425 0.404 1.056 3 36.4
B: Campus-Tuned 0.947 0.138 0.846 0 0.0
C: Classical SFM 0.810 0.163 0.685 0 0.0
D: Crowd-Match+Prox 0.882 0.048 0.155 0 0.0
E: Crowd-Match Only 0.962 0.159 0.425 0 0.0
F: Proximity Only 0.855 0.107 0.104 0 0.0
G: Classical+Prox 0.974 0.166 0.515 0 0.0

Configuration D (dark green in Figure displays visually consistent velocity, achieving a velocity
StdDev 8.4 times lower than stock (0.048 vs. 0.404 m/s) and a mean jerk 6.8 times lower (0.155 vs.
1.056 m/s®, Table . Stock A displays erratic motion, halting three times and standing still for
a large portion of the run. Configuration C exhibits characteristic oscillation - analysed further in
Section Configuration D’s mean jerk of 0.155 m/s? sits an order of magnitude below the 2.6 m/s*
threshold from Elbanhawi [9]], however its 3.1 m/s® peak jerk exceeds it, this is consistent with all
other controllers however, potentially revealing an issue in the way this was calculated or a deeper

simulation issue.
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Figure 3.1: Smoothness summary across configurations: measured velocity profiles (top), and per-
configuration averages of velocity, velocity StdDev, and mean and peak |j].

On the crossing scenario (Table [3.2)), where a secondary bi-directional stream of pedestrians crosses
the path, Configuration D again records the lowest StdDev (0.121 m/s) and mean jerk (0.261 m/s*) of
any configuration, at the highest average velocity (0.959 m/s). The SFM baseline (C) and the closed-
loop PID variant (H) fall back to stock-like behaviour, registering six and five stops respectively. This
is the experimental evidence for the open-loop choice in Section[2.5.3]
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Table 3.2: Velocity smoothness and stop behaviour, crossing scenario (40 s, perpendicular pedestrian

crossing during straight pathway traffic).

Configuration Avg vel. (m/s) StdDev (m/s) Avg |j] (m/s?) Stops  Stopped (%)
A: Stock 0.225 0.329 0.367 1 64.9
B: Campus-Tuned 0.444 0.513 0.571 5 50.7
C: Classical SFM 0.454 0.543 1.082 6 47.6
D: Crowd-Match+Prox 0.959 0.121 0.261 0 0.0
E: Crowd-Match Only 0.845 0.161 0.347 0 0.0
F: Proximity Only 0.905 0.159 0.385 0 0.0
G: Classical+Prox 0.961 0.196 0.583 0 0.0
H: Crowd-Match+PID 0.480 0.556 0.844 5 46.3

3.2 Safety Metrics

Safety is quantified by two key parameters, the distance to pedestrians, as well as the time to collision

(TTC). The min and mean values of these parameters were obtained from 5 tests in the minimal stright

path simulation environment, and are shown in Figure [3.2] The key result was that the stock baseline

(A) is the most dangerous configuration on every reported metric.
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Figure 3.2: Safety summary across configurations on the straight pathway: minimum and mean pedes-
trian clearance, and minimum and mean time-to-collision.
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The pedestrian clearance metric reveals interesting comparisons. Configuration D’s minimum pedes-
trian clearance of 2.3 m was lower compared to the other controllers, potentially due to one - off
pedestrian interaction events that could potentially be ruled out with more testing, however for now
this can be seen as a limiatation of the model. Its mean pedestrian clearance of 7.7 m however is on the
higher end, strengthening the previous one-off claim. It is clear to see however that Configs B,E, and
F score best here, with consistently high values across both charts. Scince configs E and F are simply
the components of config D, this raises questions as to whether config D could be tuned better, or if
a dynamic weighting towards either component, depending on the situation, would be beneficial. In
terms of the TTC values, config D scored the best on the minimum time to collision graph, displaying
the highest value of 2.3 s. However, it had the lowest mean TTC value of 12.6 s. Initially this may
seem to detract from the model’s reliability, however since the value is above reasonable limits, this
can instead be considered an efficiency metric, indicating continuous engagement with the pedestrian
group in front of the bus, which is supported by the config’s smooth velocity chart in figure The
ability of the controller to track pedestrian speed is further evaluated in Section

3.3 Crowd-Speed Tracking Accuracy

The crowd-matching velocity model heavily relies on per-pedestrian velocity estimates from the Au-
toware multi-object tracker, any errors will carry through as a velocity error on nUWAy that would
have to be counteracted by the velocity attenuator, which is suboptimal and would undermine the
whole idea of crowd matching as the velocity driver philosophy. As a result of this, testing was
done to verify the Autoware tracker by validating its outputs against AWSIM ground truth pedestrian

positions in the full-stack environment.

Pedestrian speed estimation — Autoware multi-object tracker vs AWSIM ground truth

Tracker-estimated pedestrian speed over time — top 40 longest tracks
(first 2s of each track removed to exclude the filter convergence transient; samples clamped to [0.1, 1.5] m/s)

estimated speed (m/s)

sim time (s)

Aggregate speed — band [0.1, 1.5] m/s, track age = 2.0s (2577 samples)

GT pedestrian walking speed [0.8, 1.0]
—— mean = 0.81m/s

sample count

0.2 0.4 0.6 0.8
estimated speed (m/s)

GT = Ground Truth (pedestrian speed range configured in the AWSIM CampusPathwaySimulator).
ilter convergence transient: the initial ~2 s during which the Kalman filter's zero-velocity prior biases the estimated speed low before the track accumulates enough measurements to converge.

Figure 3.3: Autoware multi-object tracker pedestrian speed estimates against AWSIM ground truth,
full-stack environment.

23



Across the 40 longest tracks of a 90's straight run, the estimated walking-speed distribution has an
average of 0.81 m/s, which is on the lower end of the 0.8-1.0 m/s evenly distributed ground truth
(Figure [3.3)). Individual tracks tend to approach the 0.8—1.0 m/s band within ~2s of first detection,
this 2 second warm-up is a result of the object trackers’ Kalman filter’s initial convergence period,
which has been excluded from the per-track plot (seen as a line quickly rising from zero to the settled
value). The overall conclusion of this analysis is that the tracker tends to slightly under-estimate the

actual crowd speed.

The pedestrian velocities in Figure are visibly noisy. This is counteracted by both the minimum
2 simultaneously detected pedestrians requirement before crowd matching initiates, as well as the
planner’s 7 = 2.0's relaxation that suppress the residual jitter, allowing for the smooth 0.048 m/s
StdDev observed in Configuration D’s straight profile in Section

Following this analysis on the input side, a study of how well the velocity controller actually tracks
the crowd-mean was conducted. Four trials were done in the minimal environment on the straight
path with 10 pedestrians (indicative of real campus environment pedestrian count within 15m - see
Section [3.6)), with the bus velocity and ground truth average pedestrian velocity travelling in the same
intended direction being recorded, as seen in Figure

Bus tracks the co-flow crowd at campus-typical density (~10 pedestrians, n = 4 replicates; shaded +10)
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== Co-flow crowd velocity (mean)
= Bus velocity (mean)
0.4 T T T T
0 10 20 30 40

Time since engagement (s)

Figure 3.4: Configuration D crowd-tracking ability

The figure displays that the controller settles to the co-flow mean after roughly 2s of engagement
(the rate set by 7), and after that the two traces overlap through the remainder of the run, with their
standard-deviation bands fully overlapping. Interestingly the bias is slightly positive, which is con-
trast to the previous experiment which revealed that the Autoware object tracker underestimated the
pedestrian velocity. An explanation for this is potentially that the proximity component introduces

relative positive crowd tracking biases through transient events, but this would need to be tested.
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3.4 SFM Failure Analysis

The regular oscillation visible in Configuration C’s velocity profile (Figure isolated in Figure
is a direct result of the speed-dependant safety-buffer feedback loop derived in Section The
buffered separation d = d — kveg, modifies the social forces dependant on the bus speed (vego), SO
increasing vy, shrinks d.g, inflates the force, and decelerates nUWAy, which then reverses the cycle
as the forces are now lower due to veg, NoW decreasing. At ve,, = 1.39m/s and k = 2.0, the speed-
proportional term reduces the effective separation by 2.78 m, which is comparable to inter-pedestrian
distances in the scene, so the loop sees a strong signal each cycle. This characteristic is the reason for

its 0.685 m/s* mean jerk, more than four times Configuration D’s at a comparable average velocity.

2.00 7

|— C: Classical SFM ‘

1.75 1

1.50 1 Vdesired = 1.39m/s

1.254

1.00

Velocity (m/s)

0.75 1
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0-00 1 T T T T T 1
0 10 20 30 40 50 60
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Figure 3.5: Configuration C (Classical SFM) measured velocity on the 60 s straight pathway.

It is worth noting that this failure is built into the model rather than being a tuning artefact. Five
sweep iterations across A, B, k, force saturation, and 7 produced no parameter set that suppressed
the oscillation while preserving forward progress. Adding the proximity component does not cure it
either: Configuration G’s StdDev (0.166 m/s) is of simlar magnitude to config C’s, which places the
failure firmly in the velocity model rather than the absence of distance control.

Crowd-matching avoids the loop entirely, Equation [2.2| computes the target from the co-flow group’s
velocity alone, so v, never enters the feedback path. The contrast between the C/G and D/E pairs in
Table [3.1] confirms this experimentally.
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3.5 Fallback Behaviour

Two scenarios were run that stress-test the proximity component and the downstream obstacle stop
fallback in isolation to ensure adequate safety of the module. The first scenario placed a single
stationary pedestrian on the path 30 m ahead of nUWAy. The second scenario spawned a pedestrian
in front of the bus after it had reached cruising speed (vspawn = 1.39 m/s) at bumper-to-ped distances

of 5, 8, or 15 m ahead of nUWAy. All clearances are reported as bumper-to-pedestrian distance.

The stationary test (Figure verifies that the proximity ramp brings nUWAYy to rest at the d,,;, = 3m
floor. With no co-flow pedestrians in the scene the bus accelerates to the vgesired = 1.39 m/s speed limit,
cruises at that speed until the stationary pedestrian enters the dyrxe = 10 m bumper-to-ped onset, and
the quadratic ramp of Equation produces smooth deceleration over the 7 m envelope. The bus
settles at a bumper-to-pedestrian clearance of 3.11 m, 0.11 m above the ramp floor and well clear of
the 0.8 m obstacle stop margin. A small velocity wobble of ~(0.2m/s appears between 3.5 m and
3.1 m as the bus comes to rest, this wobble persists at zero co-flow density and is likely a result of the
velocity smoother and low-speed controller dynamics, rather than to the proximity ramp itself, since

the debug log shows the commanded velocity staying near zero throughout this region.

Configuration D braking profile — stationary pedestrian

1.6 bus approaching pedestrian dorake =10M dmin =3 M

esirea = 1.39 m/s

Bus velocity (m/s)
obstacle_stop trigger (<0.8 m)

0.2 4

pedestrian

= 30 m stationary ped (stops at 3.1 m)
0.0 T T T + T
30 25 20 15 10 5 0
Bumper-to-pedestrian distance (m)

Figure 3.6: Stationary obstacle braking profile for Configuration D.

The jumpout tests (Figure characterise the proximity ramp’s response to a pedestrian appearing
inside its detection envelope while nUWAYy is at cruise. At a 15 m spawn the ramp has the full dye—
dmin = 7m available to decelerate from cruise, and the bus settles at a minimum bumper-to-ped
clearance of 3.13 +0.01 m, matching the d;, = 3m floor of Equation to within 1cm. This
is the design intent of the quadratic ramp: smooth deceleration converging to zero velocity at the
floor, leaving the 0.8 m obstacle stop layer unused. The 8 m performs similarily, just with a slightly
steeper velocity ramps down to zero to accomodate for the slightly later braking onset. The 5m
spwan distance causes the bus to overshoot below the 3m quadratic attenuator floor. Peak jerk grows

in the emergency-stop regime, reaching 23.3 m/s> at 5m, an order of magnitude above the 2.6 m/s
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Elbanhawi threshold [9], expected as this case can be considered an emergency stop.

Configuration D braking profile — jumpout pedestrian
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Figure 3.7: Jumpout braking profile for Configuration D.

3.6 Campus Pedestrian Density Distribution Analysis

To obtain standard pedestrian densities that the model would have to navigate on the UWA Crawley
campus. A recording of sensor data during a lunchtime bus run was replayed via a rosbag, essentially
emulating the sensor data for direct input to the full Autoware stack on a different off-site computer.

Bus campus replay — pedestrian count (tracker output)
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Figure 3.8: Tracked pedestrian count and nUWAy longitudinal velocity

Figure [3.8] reports tracked pedestrians against time alongside nUWAy’s velocity profile. There is
evidently significant change in pedestrian density depending on where on the route the bus was. With

some sections spiking to up to 25 pedestrians simultaneously within 15m of the vehicle. It is also
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clear to see that nUWAYy’s velocity drops to zero during the busier periods, where the operator needed

to yield to the dense foot traffic.

This same data is also displayed on an OpenStreetMap of the campus and bus route. The high pedes-
trian count locations are around Reid library, near the student guild, and at the Barry J. Marshall

library, as expected.

UWA Campus Pedestrian Distribution at Tuesday Lunchtime

- 7 T 17 1Y) P Py TIEaneE s
—— Bus trajectory T : /g
3 e ] T
@ Start St il fiRaiert Great Court & Riede I
. \Leve - < | Street H £
| House -building Building : " Ty 3 By ‘
\ P - S —J t
: -y 3 | I
-3 otricia . I
\ ! ni |
= P i) . Crawford | < gﬁg y il
1 ® --Court-- @
INZ Car Park e, ' =
51 i " Y ’ al
. 1 f e | =l
Fairway.Entrance 2 i d g ',
o, W | 3
s==tzz Bl Reid Librar Car Park :
\ " : L9
+ EZONE  Mathematics; S % Bilya Biddi
3 North Building /& '
- Q& Japanese Law 2
?' E Garden { '
3 =] Bilya Biddigs = t 14
) Fairway 1~ '
\ after Clark - James Oval ]
Straet Engineering e ]
Oceans Lecture; | P B :
Institute E o Theatres Car Park P !
(39 Fairway) 3 Civil 10 + I L 12
2 and  ywa Robotics * v ]
=) P Mechanical  ¢up e 2 .
5 | p Engineering :? |
. |
i P £ [\
@ k3 \ L
§ T ' 10
¢ : ; E
SIS / =]
2 Marine Building P ]
| Research 001 c
Centre 'E
[ (IOMRC) r8
| P Myers %
(=] Street Sanders g
Broadway | Building Building o
Bgfore Myers Street 2
My(:"b | - e A A R AR AR —
| e O
= ‘ >
<
97 R
u =
@ 12 L
) D lssscecoceceee oiataiaieianiaracizo e o 4
2 ‘ ) Cook Street
= = Living Lab.
2 I P = 13 Urbon
11 w Biodiversity
A . in Design Taxonomic
8 Gardens 2
o a8 - 167 181202201267 13 3 » Car F(’)ark
'( = Audio-
° Caporn Street 5 visual
" sy /[ TIPTE i< Workshop
2t 116 13 1302 H 2 gslar e[ s ZoologyP
8 119119 293
- z3! (FH e il — T B [P AT — =
@ 125 ||lm E
o 131 o P
a 2 Everett Street : if
nin 812 ¥ Outdoor }
}< 133 Human Exercise
135 Movement Laboratory !
137 ' Business
[ School
Fairway P . i
e f‘ Jbefore_ 4 \'\_ 2T eem=
i Princess Princess Road . B
(C) OpenstreetMrap.contributors\Road —— - ﬁﬁ\ Snne

Figure 3.9: Pedestrian density on an OpenStreetMap basemap of UWA Crawley.
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3.7 Density Sweep

Following the Campus pedestrian density evaluation, a density sweep was then done across four
pedestrian densities (0, 10, 30, and 60) on the straight pathway in the lightweight simulation environ-
ment of Section[2.2] Five trials were run, with the purpose of observing how gracefully the crontroller

slowed vehicle movement as the pathway became more crowded.

Configuration D — density sweep across 0/10/30/60 pedestrians (mean * std)

Avg velocity (m/s) StdDev velocity (m/s)
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Figure 3.10: Density sweep for Configuration D across 0, 10, 30, and 60 pedestrians.

Three observations follow from this data. First, the zero-pedestrian trial tracks the 1.39 m/s desired
velocity within 2 % (mean 1.37 m/s), confirming that the crowd-matching gate cleanly defaults to
free-flow speed when no co-flow group is present. Second, average velocity is observed to gracefully
decline with increasing density (1.37, 1.07, 0.99, 0.83 m/s) as the crowd-mean target aligns to the
slower pedestrian flow (explaned by Greenshields [16]), meaning the controller correctly tracks the
stream’s average speed. Third, smoothness metrics remain inside the comfort envelope across the
full range, with mean jerk peaking at 0.20 m/s> at 30 pedestrians, an order of magnitude below the
2.6 m/s* Elbanhawi threshold [9]. It is clear to see however that the velocity standard deviation grows
with density, where the StdDev-velocity error bar at 60 pedestrians (0.30 4+ 0.16 m/s) is wider than
the cell mean itself, indicating either the controller operating at the upper edge of its usable region, or
a simulation artifact where the crowd velocity itself widely started to ossscilate, which the bus would
have simply tracked. However since this 60 pedestrian density sits well above the average campus
pedestrian density established in Section 3.6 this is not a concern for normal operation, and is instead

useful in showing where the model begins to lose effectiveness.
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3.8 Discussion

This section interprets the results, positions the module against prior art (Chapter [I), and identifies

the limitations the results expose.

3.8.1 Result Interpretation

The headline contrast is between Configurations A and D on the straight pathway. Stock Autoware
halts three times in 60s and stands still for 36.4% of the run, while the proposed module flows
continuously, achieving an 8.4-fold StdDev reduction and 6.8-fold jerk reduction (Table [3.1). This
order-of-magnitude difference is significant, rather than incremental, separating a vehicle that cannot
operate on a shared pathway from one that flows with pedestrian traffic, in the same way pedestrian-
to-pedestrian flow self-organises into co-moving streams [11], [12]. The closed-loop PID variant (H)
fails on the crossing geometry, registering five stops where D registers zero, which is the experimental
verdict on the open-loop choice in Section[2.5.3|and locates the failure in the closed-loop branch rather
than in crowd-matching itself.

3.8.2 Comparison with State of the Art

When compared against the literature, the social force model [11] produces the oscillation predicted
in Section The same diagnosis explains why Yang and Ozgiiner’s MPC regulator [22], which
keeps pedestrians as repulsive agents inside its cost function, must lengthen its prediction horizon and
smoothness weights to suppress the same loop. Crowd-matching takes a different framing by treating
the surrounding co-flow as a slow-moving stream rather than a swarm of point-obstacles, which is
supported by the macroscopic flow literature [16]—[18] where the same speed—density relationship
has been characterised for vehicular and pedestrian traffic. The closest precedent is the network-level
MEFED control of Geroliminis and Daganzo [20], however that operates at the city scale rather than
at a single vehicle. Configuration D’s 0.155m/s® mean jerk sits an order of magnitude below the
2.6 m/s* Elbanhawi threshold [9], and its 1.4 m/s?> maximum deceleration sits well within the 4.9 m/s?
ISO 22737 comfort ceiling [8]].

3.8.3 Practical Implications

The module is built as a behaviour-velocity plugin (Section [2.5]), which keeps the surrounding Au-
toware stack untouched beyond the preset and leaves obstacle stop as a hard backup. The algorithm
assumes only that the vehicle is travelling along a routed path with co-directional pedestrians and
that those pedestrians have velocity estimates from the perception stack. Use cases therefore extend
beyond campus pathways to airside ground-support vehicles, hospital corridors, pedestrianised retail
streets, and factory AGVs. The set of tunable parameters is small (Vgesireds Uthreshs mins tholds Ts Qbrakes
dmin), meaning the module can be retuned for a new deployment without restructuring the algorithm
itself, and the CoflowPanel RViz plugin gives the safety operator a live readout of the crowd-matched

target and co-flow count to ensure the module is functioning properly.
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3.8.4 Limitations

Several limitations are acknowledged. The headline numbers were obtained in the lightweight sim-
ulation environment, which exercises a much more minimal perception path than the full pipeline.
Live-vehicle validation is currently blocked by the CUDA mismatch noted in Section however
nUWAy’s CenterPoint + label-remap chain catches nearly every pedestrian geometrically visible to
the LiDAR on campus rosbag replays (Section [3.6). The test geometry is also restricted to a straight
pathway and one perpendicular crossing, meaning on a sharp bend the co-flow classifier would need
to be redefined relative to the path tangent rather than the vehicle heading. Counter-flow pedestri-
ans are handled only by the proximity ramp and the keep-left lanelet, which is adequate on a 6 m
campus pathway but becomes a stronger limitation in narrower shared spaces where lane discipline
cannot be assumed. Finally, the module slows to a stop in front of an unmapped static obstacle and
waits indefinitely without re-routing, which is a limitation inherited from the simplification of the

behaviour-velocity stage for campus usage, rather than from the module itself.

3.8.5 Arbitrary Choices and Alternatives

Several design parameters were settled by iterative tuning rather than first-principles derivation. Ugpresh =
0.3 m/s rejects near-zero estimates from short-lifetime tracks while retaining slow walkers. 7y, = 2
treats a single match as noise, since the proximity ramp already handles lone walkers. 7 = 2.0s
balances responsiveness against comfort. dy,.e = 10 m and d,,,;, = 3 m place perceptible deceleration
~Ts before a hypothetical collision at 1.39 m/s. The quadratic exponent was preferred over linear
after the linear version produced an uncomfortable jerk step partway through the ramp. A replicated
3x3 sweepover 7 € {1.0,2.0,3.0} s and dye € {6,10, 14} m (Appendix Table shows that
StdDev velocity is comparable across the central plateau and that within-cell run-to-run variance dom-
inates between-cell differences. Initially this may seem to suggest the baseline is suboptimal, however
it instead indicates that the baseline settings sit inside a robustness plateau rather than around a sharp
optimum, meaning the module is forgiving of small parameter changes rather than brittle to them.
The open-loop ramp was chosen over closed-loop PID after Configuration H produced five times the
jerk on the crossing scenario, which is the experimental basis for the design decision in Section[2.5.3]
The main alternative not pursued here is a short-horizon model-predictive velocity planner using a

crowd-speed forecast [21], [22], which is recommended as future work.
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Chapter 4

Conclusions and Future Work

4.1 Conclusions

This thesis presents a pedestrian-aware velocity planner for autonomous shuttle navigation in shared
spaces, developed and evaluated for the nUWAy EZ10 on the UWA Crawley campus. Built as an Au-
toware behaviour-velocity plugin, it combines a crowd-matching velocity model that sets the desired
speed to the mean forward speed of co-directional pedestrians inside a 15 m radius (Section
with an open-loop quadratic ramp that reduces the commanded velocity as the bumper-to-pedestrian

distance to the nearest in-path pedestrian closes from 10 m to 3 m (Section [2.5.3)).

All six project objectives of Section |1.3|were addressed. Autoware was integrated on nUWAy during
GENG5511. The AWSIM simulation environment, pedestrian simulator, object-relay pipeline, and
rosbag analysis pipeline were built. The proposed planner and a classical-SFM baseline were im-
plemented as plugins. The eight-configuration comparative study was conducted, and the operating
envelope characterised across a 0—60 pedestrian density sweep informed by a campus-rosbag replay
that recorded peaks of 25 simultaneous pedestrians within 15 m of the vehicle during the lunchtime
between-class period (Section [3.6). Stationary and jumpout fallback stress tests then showed that the
proximity ramp brings nUWAYy to rest at the dy,;, = 3 m floor to within 11 cm for a stationary obstacle
at 30 m and to within 1 cm for a 15 m jumpout when given its full braking envelope, with the boundary
at 5m and 8 m jumpouts characterised separately as the region where the downstream obstacle stop
layer becomes the active safety margin. The headline finding is that the proposed module reduces
velocity standard deviation 8.4-fold and mean absolute jerk 6.8-fold relative to stock Autoware on the
straight pathway, while simultaneously holding the highest minimum time-to-collision (2.3 s) of any
configuration tested and a minimum pedestrian clearance above 2.0 m, with zero stops on both straight
and crossing scenarios. The controller settles to the co-flow mean within roughly 2 s of engagement
and tracks it for the remainder of the run (Section [3.3)), confirming the crowd-matching premise in
closed-loop operation. A replicated 3x3 sweep over (7, dyrake) in Appendix places the baseline
inside a robustness plateau rather than at a sharp optimum, indicating the module is forgiving of small

parameter changes rather than brittle to them.

Many significant findings surface. First, the crowd-matching model treats the surrounding co-flow as
a slow-moving stream rather than a swarm of point-obstacles, a framing supported by the macroscopic
flow literature of Greenshields and Lighthill-Whitham—Richards, and an alternative to the prevailing

social-force-as-obstacle approach. Second, the classical SFM-as-controller formulation was shown
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to be intrinsically unstable for forward-speed control: the speed-proportional safety buffer creates a
feedback loop that sustained oscillation across five parameter sweeps (Section[3.4)), placing the failure
in the model rather than in tuning, and explaining why the MPC regulator of Yang and Ozgiiner [22]
must lengthen its horizon and smoothness weights to suppress the same loop. Third, the proximity
ramp is open-loop by design: the closed-loop PID variant (Configuration H) registered roughly five
times the jerk of the open-loop ramp and five stops on the crossing scenario where the open-loop
ramp registered zero (Section [3.8.5)), locating the failure in the closed-loop branch rather than in
crowd-matching itself. Fourth, the controller is a drop-in plugin to Autoware’s behaviour-velocity
stage and sits inside an explicit dual-layer safety stack (proximity ramp plus downstream obstacle
stop fallback) whose boundary of operation was mapped under stress rather than inferred, making the
controller portable to any vehicle running the same architecture without reopening the safety case.
Together these constitute the principal contribution: a deployable forward-speed planning module,
evaluated against ISO 22737 and the everyday-driving comfort literature, that lets a low-speed shuttle

flow with, rather than disrupt, pedestrian traffic.

4.2 Future Work

The most immediate follow-on is sim-to-real transfer. Live deployment is blocked by the CUDA-
version mismatch noted in Section[2.8] Once resolved, the next step is a supervised-driving campaign
on the Crawley pathway with the CoflowPanel tool displayed on the safety operator’s screen. The
simulation-tuned parameters of Appendix |A|should be ported unchanged, and the same smoothness,
safety, and stop-count metrics of Chapter [3|should be recorded under three increasing levels of diffi-
culty: an empty-pathway baseline, sparse co-flow traffic, and the worst-case 25-pedestrian envelope
observed during the between-class transition in the nUWAYy replay of Section The main variable
likely to limit transfer is not algorithm recall (the production CenterPoint + label-remap chain catches
nearly every pedestrian geometrically visible to the LiDAR on the replay) but LiDAR range and oc-
clusion at the sparse VLP-16 beam pattern beyond 20 m, against which the n.,;, = 2 gate should be

re-examined.

The planner should then be evaluated on the geometries omitted here: curved sections, T-intersections,
and the marked pedestrian crosswalks on the central campus loop. The co-flow classifier currently
uses vehicle heading as its reference direction. On a sharp bend this misclassifies pedestrians walking
along the corridor as counter-flow during the turn. Replacing the reference direction with the local
path tangent (already used by the elastic-band smoother) closes this gap without introducing new
state. A formal parameter-sensitivity study should extend the 3x3 sweep over (T, dyare ) reported in
Appendix that grid identifies a robustness plateau but is limited in replicate count and parameter

coverage.

A more extensive future work scope is a model-predictive successor architecture [21]], [22]: the
crowd-matched velocity becomes a soft tracking target inside the MPC cost, and the proximity compo-

nent becomes a hard constraint on minimum separation. This generalises naturally to curved paths and
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intersections without reintroducing the closed-loop instability that disqualified Configuration H. Such
a formulation could also use a short-horizon crowd-velocity forecast rather than the instantaneous
mean used here. Two further extensions arise from the limitations of Section Multi-vehicle
shared-space coordination becomes relevant once a second shuttle enters the pathway: each vehicle’s
co-flow set would then include the other, and a tiebreak protocol would be needed. A complementary
lateral-control study, on how the vehicle picks a side during counter-flow encounters, would relax
the keep-left assumption that the forward-speed-only treatment depends on, expanding the operating

envelope to plazas and narrower walkways where keep-left does not hold.
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Appendix A

Module Configuration Parameters

This appendix lists the parameter values of the velocity-planning module used in the comparative
study of Chapter [3| Symbols are introduced in Chapter [2| and reproduced here together with justi-
fications and the ranges explored during tuning. Values are those of Configuration D unless stated

otherwise.
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A.1 Crowd-Matching and Proximity Parameters

Table A.1: Velocity-planning module parameters as used in Configuration D. Where a range is shown
the value listed was selected after iterative tuning across straight-pathway and crossing scenarios.

Symbol Description Value Range tested  Justification

Vdesired Free-flow target velocity 1.39m/s fixed Skm/h campus speed limit,
encoded as the Ilanelet
speed_limit tag  (Sec-
tion |2_II)

Tdet Co-flow detection radius I5Sm 10-20m Spans the visible co-flow group
at walking pace without admit-
ting unrelated traffic at the path-
way shoulder.

Uthresh Co-flow speed threshold 0.3m/s 0.1-0.5 Rejects near-zero velocity esti-
mates from short-lifetime tracks
while retaining slow walkers
(Section .

Co-flow hysteresis 0.15m/s 0.05-0.25 Entry threshold vresn + 0.15
suppresses chatter around the
boundary.

Tmin Min. co-flow count 2 14 Treats a single match as noise.
The proximity ramp handles
lone walkers (Section .

thold Crowd-speed hold time 1.5s 0.5-3.0 Prevents return-to-free-flow
during transient occlusions of a
stable co-flow group.

T Relaxation time constant 2.0s 1.0-4.0 Balances responsiveness against
ride comfort. The 3x3 sweep of
Section found smoothness
comparable for 7 € {1.0,3.0}
at dorake € {10,14} m. The 2.0s
value sits in the middle of this
plateau.

dprake Proximity ramp onset 10m 6-12m Places perceptible deceleration
approximately 7s before a hy-
pothetical collision at Vgesired-

dmin Proximity ramp floor 3m 2-4m Targets zero commanded veloc-
ity at 3m clearance. The 0.8 m
obstacle stop sits beneath this as
a backup (Section .

Tped Pedestrian radius 0.3m fixed Conservative effective collision
radius used by both the pro-
posed module and the classical
baseline.

Wyeh /2 Vehicle half-width 1.2m fixed EZ10 platform geometry [24].
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A.2 Auxiliary Parameters

The classical social-force baseline (Configuration C) and the closed-loop variant (Configuration H)
use the additional parameters listed below. They are reported for reproducibility of the failure modes
diagnosed in Sections [3.4]and They are not active in Configuration D.

Table A.2: Additional parameters for the classical SFM and PID-based comparison configurations.

Symbol Description Value Active in
A Helbing force magnitude coefficient 2.1 Config C, G
B Helbing exponential decay scale 0.3m Config C, G
k Speed-proportional safety buffer 2.0 ConfigC, G
Fy Force saturation (velocity to zero) 10.0 ConfigC, G
dpia PID target following gap Sm Config H
K, K;, Kq PID gains 0.15, 0.02, ConfigH
0.05

A.3 7 versus dprake Sensitivity Sweep

A 3x3 sweep over 7 € {1.0,2.0,3.0} s and dprae € {6, 10,14} m was run in the lightweight en-
vironment of Section with all other Configuration D parameters held fixed. Each cell was re-
peated up to four times to estimate run-to-run variance, after the engagement-timing fixes described
in the deployment notes. Cells with n < 4 are those where the diagnostic graph did not enter
is_autonomous_mode_available within 60 s on at least one replicate and the run was excluded.
Table[A.3]reports the cell means and within-cell standard deviations. Figure[A.I]shows the same grid

as a heatmap.

Table A.3: Velocity smoothness and mean-jerk across the 7 X dp.xe grid for Configuration D on the
60 s straight scenario. Values are cell mean + within-cell standard deviation across n replicates.

T(s) drake (M) 1 Avg velocity (m/s)  StdDev velocity (m/s) Mean |j| (m/s?)
1.0 6 3 0.82 £ 0.12 0.31 £0.13 0.23 +£0.02
1.0 10 4 0.83 +0.25 0.26 + 0.16 0.24 £+ 0.09
1.0 14 3 0.94 +0.07 0.21 + 0.06 0.21 £+ 0.04
2.0 6 4 0.79 +£0.16 0.35 +0.13 0.20 £+ 0.03
2.0 10 4 0.87 £0.17 0.25 £0.16 0.23 £ 0.07
2.0 14 2 0.81 £0.15 0.29 £0.17 0.26 + 0.07
3.0 6 4 0.88 4 0.09 0.29 £ 0.15 0.22 £ 0.05
3.0 10 4 0.95 +0.04 0.22 + 0.05 0.28 £+ 0.08
3.0 14 4 0.85 +0.17 0.23 +£0.14 0.28 +£0.12
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Configuration D: T Vs dprake SWeep (mean =+ std across replicates)

Avg velocity (m/s) StdDev velocity (m/s)

Mean |jerk| (m/s®)

0.29 0.23 0.350
2015 n=4

0.925 0.325
0.900
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0.850
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0.825

0.800 0.225

6 10 14
dorake (M)

dorake (M)
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1221
+14.57 n=4
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+7.99 n=3 +10.47 n=4
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brake (M) brake (M) dbrake (M)

Figure A.1: 7 versus dpke sensitivity sweep for Configuration D on the 60 s straight scenario. Each
cell shows mean + standard deviation across n replicates (n printed in-cell). Within-cell variance is
comparable to between-cell variance across most of the grid, indicating parameter robustness in the
explored range.

Three observations follow from the data. First, within-cell standard deviations of the StdDev-velocity
metric are 0.05-0.17 m/s, comparable to the between-cell spread of cell means (0.21-0.35 m/s). The
sweep therefore does not isolate a statistically significant “best” setting. The grid sits on a robustness
plateau rather than around a sharp optimum. Second, the tightest cells are 7 = 1.0 s with dpre = 14m
(0.21 £ 0.06) and 7 = 3.0 s with dpre = 10m (0.22 + 0.05), bracketing the chosen Configuration D
baseline (7 = 2.0, dyke = 10) at 0.25 4+ 0.16. On this evidence the baseline is not optimal but is
well inside the plateau. Third, the dy.ke = 6 m column trends slightly worse on average (0.29-0.35)
but overlaps the other columns within one standard deviation, weaker evidence of an effect than the
single-run dataset of Section [3.7|suggested.

The remaining parameter groups were not swept. The classifier gates vyesn and npi, shape co-flow
membership and therefore the long-run mean velocity rather than its variance: relaxing them admits
noisy short-lived tracks, while tightening them collapses Configuration D toward Configuration F
(proximity-only) at low pedestrian counts. A larger-replicate Latin-hypercube design over the full
(7, dprakes dmin, Pmin) Space is left for future work (Section .
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