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Abstract

Conditional automated driving at Level 3 marks a decisive step on the path from
manual to fully automated driving. Under defined operating conditions, the driver
may divert attention from the traffic situation and hand over the driving task entirely
to vehicle automation. When the system reaches the limits of its operating range, it
prompts the driver to retake control within a specified time window. This takeover,
termed a transition of control (ToC), exposes a central automation problem. A
driver who has been out of the control loop for an extended period must, with
reduced situational awareness, rapidly re-establish full vehicle control, make decisions
and, where necessary, respond under time pressure. Such takeovers are particularly
demanding in dynamic traffic, since even well-prepared, non-emergency ToCs can
temporarily impair vehicle behaviour and the quality of manual control. To account
for this, the automation takes preparatory measures by moderately increasing the
time gap to the preceding vehicle during ToCs in dense traffic. Even without any
failed takeovers, a high frequency of such ToCs can disturb traffic flow. This thesis
therefore examines the resulting effects and their implications using microscopic
traffic simulations and shows how system-initiated ToCs at the limits of Level 3
automation aggregate from single events into noticeable traffic-level effects. Several
studies consider efficiency, safety and capacity. The focus is on the mechanisms
associated with the sequence, timing and location of takeover triggers, as well as
automation behaviour during ToCs. The results show that ToCs occurring in clusters
cause a disproportionate disturbance of traffic flow up to complete breakdown; they
degrade safety metrics and reduce capacity. The thesis also investigates traffic-
management and V2X-enabled measures that can partially mitigate the consequences
by distributing ToCs in time and space, but cannot fully restore baseline conditions

of undisturbed, takeover-free traffic.
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Kurzfassung

Das bedingt automatisierte Fahren der Stufe 3 markiert einen entscheidenden Zwis-
chenschritt auf dem Weg vom manuellen zum vollautomatisierten Fahren. Unter
definierten Betriebsbedingungen darf der Fahrer seine Aufmerksamkeit vom Verkehrs-
geschehen abwenden und die Fahraufgabe vollstéindig an die Fahrzeugautomation
iibergeben. Erreicht das System jedoch die Grenzen seines Betriebsbereichs, fordert
es den Fahrer innerhalb eines festgelegten Zeitfensters zur Riickiibernahme der Kon-
trolle auf. Diese Ubergabe der Kontrolle, genannt Transition of Control (ToC), legt
ein zentrales Automatisierungsproblem offen: Ein Fahrer, der langere Zeit aus der
Regelschleife war, muss mit reduziertem Situationsbewusstsein in kurzer Zeit wieder
vollstandige Fahrzeugkontrolle erlangen, Entscheidungen treffen und gegebenenfalls
zeitkritisch reagieren. Solche Kontrolliibergénge sind unter dynamischen Verkehrs-
bedingungen besonders anspruchsvoll, da selbst gut vorbereitete, nicht-notfallhafte
ToCs das Fahrverhalten und die Qualitét der manuellen Kontrolle kurzfristig beein-
trachtigen konnen. Um diesem Phénomen Rechnung zu tragen, trifft die Fahrzeu-
gautomation vorbereitende Mafnahmen, indem sie in dichtem Verkehr die Zeitliicke
zum Vorderfahrzeug wihrend des Ubergabevorgangs moderat vergréfert. Auch ohne
fehlgeschlagene Ubergaben kann eine Hiufung solcher ToCs den Verkehrsfluss auf
diese Art storen. Diese Arbeit untersucht daher die daraus entstehenden Effekte und
ihre Auswirkungen mithilfe mikroskopischer Verkehrssimulationen und zeigt, wie sys-
teminitiierte ToCs an den Grenzen des Betriebsbereichs der Stufe-3-Automatisierung
sich von Einzelereignissen zu spilirbaren Netzeffekten aufsummieren. In mehreren
Studien werden Effizienz, Sicherheit und Kapazitiat betrachtet. Der Fokus liegt dabei
insbesondere auf der Analyse von Wirkmechanismen beziiglich der Aufeinanderfolge,
des Zeitpunkts und des Ortes der Ubergabe-Trigger sowie des Automationsverhaltens
wihrend der Ubergaben. Im Ergebnis zeigen vor allem in Clustern auftretende
ToCs eine iiberproportionale Storung des Verkehrsflusses bis hin zum vollstandigen
Zusammenbruch. Sie fiihren zu verschlechterten Sicherheitskenngréfsen und senken
die Kapazitdat. Untersucht werden ebenfalls V2X-gestiitzte Verkehrsmanagementmaf-
nahmen, die die Folgen durch zeitliche und rdumliche Verteilung von ToCs zum Teil
abmildern konnen, den Ausgangszustand eines ungestorten, iibergabefreien Verkehrs

jedoch nicht vollstandig wiederherstellen.
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1 Introduction

Automated driving has been part of the public imagination for decades and has long
carried expectations of comfortable, safe, and effortless travel within an efficient
transport system. The 1950s illustration in Figure 1.1 captures that optimism,
showing a family relaxing while the car drives itself automatically: no traffic jams,
no collisions, no driver fatigue. Each of these elements maps to a distinct research
domain, such as engineering, traffic science, and human sciences, bringing a plethora

of questions around the still-unfulfilled promise of fully autonomous driving.

—

EI.E?YRICIYY MAY BE THE DRIVER. One l:_lay your car may speed along an electric super-highway, its speed and steering automatically controlled by electronic
devices embedded in the road. Travel will be more enjoyable. Highways will be made safe— by electricity! No traffic jams . . . no collisions . . . no driver fatigue.

Figure 1.1: Detail from “Driverless Car of the Future,” advertisement for America’s
Electric Light and Power Companies, The Saturday Fvening Post, 1956. Illustration
provided by Curtis Licensing.



1 Introduction

Yet after decades without a decisive breakthrough, vehicle automation has gath-
ered renewed momentum over the past ten years, fuelled by technological progress
and increased investment. Today the reality is more nuanced than those early visions:
automation taxonomies specify how and when human drivers are involved in the
driving task or, under defined conditions, may cede responsibility to an automated
system. So-called “conditional” automation marks a critical shift: the system may
manage the driving task within defined conditions, but must prompt the human to
resume control within an adequate time frame when necessary. These transitions of
control (ToC), particularly from automated to manual driving, exemplify the familiar
“out-of-the-loop” conundrum in automation: drivers who have been out of the loop
must make rapid decisions with reduced situational awareness while simultaneously
re-establishing control. Such control transitions are, however, especially demanding
under dynamic, time-critical conditions. Even well-prepared, non-emergency ToCs
can alter car-following behaviour and briefly degrade manual control quality.

In addition to these human factors, “conditional” automation introduces a further
complication, though: in denser traffic the automated system must ensure a safe ToC
within a mandated minimum time span. It does so by pre-emptively increasing the
time gap to the preceding vehicle by reducing speed. Therefore, when such control
transitions occur more frequently, a succession of ToCs can lead to progressively
larger fluctuations in upstream traffic low. The resulting network-level effects can
exert a measurable influence on overall traffic performance, even in the absence of any
single failed takeover event. These ToC-induced effects are easy to underestimate,
however, because most research focuses on the causes and immediate consequences
of, or the subsequent management of, individual failed takeover events, from both
a human-centred and an automation perspective. A traffic-level perspective that
merges both ends of the spectrum into a cohesive analytical lens that provides a
framework for assessing ToC implications in increasingly automated environments
is largely absent. Given that the timing and location of such transitions could
technically also be influenced via traffic management measures, it is natural to ask
whether such measures can alleviate their traffic-level impacts in mixed-autonomy

settings. Against this backdrop, the following research questions are posed:

RQ 1: How, and to what extent, do transitions of control affect traffic efficiency in

dense traffic, and can traffic management measures alleviate these impacts?

RQ 2: Under what traffic and operational conditions do transitions of control lead

to safety-relevant effects, and can mitigation measures reduce these effects?

RQ 3: What capacity constraints do transitions of control introduce, and are they

recoverable through traffic management measures?



Direct, large-scale evidence on conditional driving remains scarce, as deployments
are limited and suitable traffic-level datasets are not yet available. Accordingly, this
thesis investigates network-level impacts using microscopic simulation, with ToCs
represented explicitly by a dedicated model and embedded in scenarios designed to
reveal their effects across a range of automation-penetration levels. In the absence
of established traffic-management procedures, candidate measures are designed
and compared with unmanaged baselines. The findings are presented in three
publications (Papers I, II, and III), complemented by additional results that provide
a comprehensive basis for addressing RQ 1 to RQ 3.

The remainder of the thesis is organised as follows: Chapter 2 conceptualises control
transitions in Level 3 automation, summarises the empirical background, reviews and
classifies existing models, specifies how ToCs are represented in microscopic traffic
simulation, and defines the scope of the traffic-level effects considered. Chapter 3
assembles the associated publications and sets out key findings that provide the basis
for the three main papers. Chapter 4 synthesises the studies, offers methodological
reflections on the management of ToCs, considers safety at operational boundaries,
examines capacity under ToC-induced constraints, and summarises findings and

limitations. Chapter 5 offers a concise conclusion.
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2 Control Transitions in

Level 3 Automation

2.1 Conceptualising Control Transitions

Transitions of control in automated driving systems refer to the bidirectional shift
of authority over the driving task between the human driver and the vehicle’s
automation, constituted in a reallocation of the longitudinal and/or lateral control
task, as stated by [40]. The authors specify that control transitions delineate the full
process of switching between so-called static driving states, which describe manual,
automated, or shared driving tasks in such a driver-automation system. The driving
task itself encompasses lateral and longitudinal vehicle control as well as continuous
environmental monitoring, with transitions representing shifts in responsibility across
one or more of these interdependent functions. These subtasks collectively form what
the Society of Automotive Engineers (SAE) defines as the Dynamic Driving Task
(DDT), which underpins their classification of automation levels from Level 0 (no
driving automation) to Level 5 (full driving automation) |68|. This classification
incorporates the concept of an Operational Design Domain (ODD) [8|, which specifies
the environmental, geographic, and operational conditions under which an automated

system is intended to function.

A classification of control transitions, also introduced by [40], differentiates by
initiator (driver vs. automation) and control recipient (driver vs. automation), yielding
four types: automation-initiated driver-in-control (AIDC), automation-initiated
automation-in-control, driver-initiated driver-in-control, and driver-initiated auto-
mation-in-control. Within this framework, AIDC transitions, where the automation
requests the human to resume full control of the DDT, have been among the most
extensively studied and are often considered safety-relevant, especially when the driver
is out of the control loop or engaged in non-driving related tasks (NDRT). Specifically
in Level 3, the system performs the entire DDT within its ODD, and must initiate
a transition of control to the human driver, typically via a takeover request (ToR),

if the conditions of the current ODD are no longer met. This distinguishes it from



2  Control Transitions in Level 3 Automation

Level 2, where continuous driver supervision is required, and from Level 4, where the
system manages fallback behaviour independently, including bringing the vehicle to a
minimal risk condition without driver intervention. ToCs vary in urgency depending
on the nature of the triggering event. Non-emergency transitions occur predictably,
for example, when the system anticipates reaching the limits of its ODD, and typically
allow the driver adequate time to resume control after a ToR. In contrast, emergency
transitions result from sudden, unforeseen conditions such as system failures, sensor
degradation, or unexpected obstacles, often requiring immediate human response.
While both Levels 2 and 3 may involve emergency transitions, only Level 3 systems
are responsible for detecting ODD boundaries and issuing ToRs under non-emergency
conditions. In Level 2, the driver must continuously monitor the environment and
respond without system prompting, effectively collapsing the distinction between

emergency and non-emergency transitions from the driver’s perspective.

When non-emergency transitions are initiated by a ToR in Level 3 automation,
their success depends critically on the relationship between the system-provided
available lead time and the driver’s takeover time, that is, the time required to regain
situational awareness and resume control. If the driver’s takeover time remains within
the available lead time, the result is a successful transition, potentially involving a brief
phase of reduced performance before returning to stable manual operation. However,
if the response exceeds this time budget or fails altogether, the transition is considered
unsuccessful. In such cases, the system must initiate a fallback manoeuvre, called a
Minimum Risk Manoeuvre (MRM), to bring the vehicle to a safe stop. Figure 2.1
illustrates this process by contrasting successful and failed transitions initiated by

takeover requests.

e M—l-omajraci vv\ocig, B— mamuad wxoo(.a, —_—

| ed. A rweal
ToR takeover time N Su_i_cgscsfwt ?ej‘rfo rovg\ :l,,\ ggr_' ;;Zmﬁm
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ToC

Figure 2.1: Conceptual model of a successful and failed transition of control (ToC)
following a takeover request (ToR) in Level 3 automation.



2.2 Empirical Background of Control Transitions

2.2 Empirical Background of Control Transitions

Comprehensive and informative reviews by [40] and [45] synthesise findings from
simulator, test-track, and on-road studies on Level 2 and 3 control transitions.
They cover both driver- and system-initiated cases and report variations in takeover
performance across lead times, ToR modalities, driver states, and environmental
conditions. More recently, [30] extended the scope to Levels 0—4 with an engineering-
centred focus, analysing key challenges, classification schemes, takeover experiments,
performance evaluation methods, and authority allocation strategies, with particular
emphasis on fallback manoeuvre planning and MRMs. With ToRs being the primary
trigger for automation-initiated transitions in Level 3, a systematic review and meta-
analysis by [86], along with concise reviews by [48] and [52], quantify the effects of
lead time, secondary task engagement, and scenario complexity on takeover duration
and quality, and examine timing, modality design, and the interaction of driver
readiness with scenario demands. These reviews, often with a human-factors focus,
highlight benefits of multimodal cues, particularly auditory and visual combinations,
clear, context-rich ToR content, and adaptive delivery informed by driver monitoring.

Although most of these surveys are human-factors-centred, together they identify
a wide range of aspects, ranging from driver states and situational awareness to au-
tomation capabilities such as sensing performance and fallback manoeuvre execution,
the latter being covered to a more limited extent. A plethora of driving-simulator
studies over the past decade on automation and out-of-the-loop phenomena have
continued to inform questions of safe and efficient vehicle-automation design for
ToCs. These aspects can be grouped into two categories: human-centred factors and
system-related factors. A selection of relevant factors is examined in more detail

below, within this categorisation.

2.2.1 Human-centred factors

Driver readiness and engagement

Driver readiness before a takeover request is a critical determinant of takeover
performance, particularly in Level 3 conditional driving, since the human driver
is allowed to engage in NDRTs. As reviewed by [40, 45|, empirical studies have
shown that situational awareness, trust, and anticipation substantially influence
takeover time and quality. Engagement in NDRTS is consistently associated with
degraded takeover performance [86, 72]. In a motion-base driving simulator study
e.g. by [75], the authors found that visually demanding NDRTs delayed takeover
initiation. Another simulator study by [16] reported that NDRTs delayed manual

driving initiation, prolonged stabilisation, and increased lane-position variability,
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with stronger effects for visually and cognitively demanding tasks. Although their
experiments emulated Level 2 automation, they infer that human drivers assume
Level 3 automation capability even for lower automation levels and therefore lack
situational awareness, which indicates automation complacency. Recent public-road
studies |63, 62] with Level 3 vehicles showed that NDRTs increased off-road glance
durations, delayed gaze return to the forward roadway, and reduced mirror checking;
high-visual-demand tasks exacerbated these effects. Response times increased notably
for DDTs with NDRTs (median ~ 5s) compared with on-path gazing at ToR
triggering [63|. Prior training can partly mitigate these effects: in a public-road study
on German motorways, [55] found that targeted training shortened stabilisation time
and improved control smoothness after voluntary takeovers. Beyond these examples,
human-centred factors such as age and driving experience, trust calibration and prior
exposure, vigilance/fatigue and workload tolerance, and the modality /intensity of
NDRTSs (visual, cognitive, manual) also influence takeover latency and post-takeover
stabilisation [40, 45, 86].

Takeover time and performance quality

Even in non-critical situations, takeover time is a key indicator of driver readiness |70].
Again, NDRTSs play a significant role in modulating such ToC properties. For example,
[21] reported results from a simulator study for non-critical ToCs with median takeover
times of 4.56 s without NDRTS, which increase significantly when secondary tasks
were present (median 6.06 s; platykurtic distribution shape). Notably, takeover speed
alone is not a sufficient indicator of performance; hasty takeovers can reduce post-ToC
control stability [27]. Interestingly, fatigue-related impacts on takeover performance
appear inconclusive [57]. For example, [83] found that most re-engagement and
braking metrics did not differ significantly between sleep-deprived and long-drive
groups, although a subset of sleep-deprived drivers delayed automation deactivation.
Consistent with this, takeover timing and control quality are shaped by situational
complexity and driver factors: traffic density has a strong effect on prolonging
takeover times and degrade post-ToC performance [26]|, whilst targeted training
improves post-takeover control [55]. In addition, ToR lead time and trigger policy,
HMI modality and content, scenario complexity, and environmental conditions (e.g.,
lighting, weather, work-zones) are consistently associated with both timing and
post-ToC performances [86, 45, 52, 37].
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2.2.2 System-related factors

ODD boundaries and ToR timing

From the system perspective, the handling of ODD exits governs when and how ToRs
are issued. Two complementary classifications are useful here: an urgency-based
view that distinguishes non-emergency transitions at system limits from emergencies
caused by malfunctions or imminent hazards, and a cause-based view that sepa-
rates ToRs triggered by inherent ODD limitations from those prompted by system
faults [48|. Taken together, these perspectives frame the ODD boundary concept,
which has been described as a “conditional hyperspace” [48|. In practice, standards
such as PAS 1883 and ASAM OpenODD provide machine-readable taxonomies of
ODD attributes, enabling precise specification of boundaries [8, 5|. Building on this,
the scene—situation—scenario semantics of [77] and the functional-logical-concrete
categorisation in [46] turn those boundaries into parameterised, executable scenarios.
This makes boundary crossings explicit ToR triggers with controllable timing, i.e., the
ToR can be issued at a specified lead time and takeover location, thereby scheduling
the ToC. Subsequently, use-case—driven ODD treatments then embed these bound-
aries in the safety case to justify when ToRs are warranted [28, 88]. Examples of
ODD boundaries include environmental limits (rain, fog, glare), dynamic infrastruc-
ture states (missing lane markings, roadworks), road-class or geometry constraints,
and internal thresholds (e.g., perception performance, localisation confidence, map

currency).

Scenario complexity and local traffic state

In addition to ODD limits, ToC demands are shaped by the driving scenario. Higher
scenario complexity (e.g. number and type of agents, road geometry and environ-
mental constraints) tends to worsen takeover performance [14|. A common construct
in human-factors studies of automated driving is the time budget (TB), defined
as the interval between a ToR and the moment a critical event or system limit
would be reached (also termed “lead time” or “time buffer”) [45, 14]. In practice,
TB is often instantiated using time-to-boundary measures such as time to collision
(TTC), and it serves as a proxy for urgency and thus for the required ToR lead time.
Other traffic-state metrics (e.g. density, speed variance, time headway, lane-change
frequency) can be evaluated at run time as complementary indicators, though their
value is context-dependent. Empirically, a shorter TB (i.e. higher urgency) yields
faster but poorer takeovers, whereas longer TBs improve situation awareness and
control [14, 89, 38]. Meta-analytic evidence further shows that TB is the dominant

driver of takeover time, while the presence of surrounding traffic increases mean
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takeover times (=~ +0.5s on average) and higher automation (Level 3+) is associated
with longer takeover times than partial automation (Level 2) [93]. Deceleration is
the dominant initial response by human drivers after a ToR, especially in dense or
complex traffic [19, 60, 7|. In operational terms, this implies that automation-side
ToC planning should temporarily raise the minimum time headway above the nomi-
nal car-following target to accommodate longer driver response times, short TBs in
complex scenarios, and the expected initial braking response by human drivers.
Together, these findings establish system-related and human-centred factors that
shape ToC outcomes. Next, Section 2.3 reviews representative models covering

driver-motivated and system-initiated transitions.

2.3 Existing Models of Control Transitions

Numerous modelling approaches from human factors, human sciences, engineering,
and traffic research depict aspects of manual and automated driving with varying
levels of detail, depending on the purpose and perspective of the investigation.
Comprehensive overviews across these domains can be found, for example, in [32]
and, more recently, in [35], both illustrating the complexity and diversity of modelling
goals and frameworks, and tracing developments from the origins of driver modelling
to present-day paradigms.

A large subset of models has emerged from the human factors domain, often
focusing on driver-motivated takeover behaviour, for example predicting performance
based on driver state, modelling decision-making processes under varying urgency,
or simulating interaction strategies in shared-control scenarios. These typically
emphasise aspects such as cognitive load, response times, gaze behaviour, or task-
switching during transitions initiated by the driver. In parallel, other work has
modelled system-initiated control transitions, either in response to critical situations
or in planned, non-critical contexts. Table 2.1 provides a selection of representative
models covering partial aspects of the control transition process.

While SAE Level 4 automation is designed to perform the complete dynamic
driving task within its ODD, research has still explored situations in which control
transitions may involve a human operator. In particular, the remote operation
research field examines how human supervisors, typically located outside the vehicle,
can intervene in non-emergency or degraded situations. For example, [59] use
operational sequence diagrams to model interaction flows for four distinct levels of
remote operation, from monitoring to full remote driving. Other studies propose
control centre architectures and state diagrams to structure automation <> remote
operator handovers, or frameworks for selecting the appropriate remote operation

mode based on ODD constraints. Although these models address control transitions,

10



2.4 Modelling Transitions in Traffic Simulation

Table 2.1: Selection of models on partial aspects of control transitions

Initiation Urgency Level 1/2 Level 3
Driver Emergency risk allostasis theory [81]; ACT-R + equation
task demand and anticipa- model [31|; perceptual-
tion [10, 11|; active infer- gating action-decision
ence [87]; perceptual-gating model [44]
action-decision model [44]
Non-Emer- conceptual shared-control QN-MHP + freeway-exit re-
gency model of haptic steering [61] sponse model [74]
System Emergency state-transition and regression-based ToC per-
threshold-based driver formance meta-model from
response model for ACC pooled simulator data [25]
failures [71]
Non-Emer- task demand and anticipa- Machine learning takeover
gency tion |10, 11] performance  prediction

model based on driving
simulator studies [18]

they differ fundamentally from Level 3 scenarios in that the human is not expected
to be a continuously engaged fallback driver, but rather an on-demand supervisor
engaged only in specific, often rare, situations. Automation-centred research focuses
on fallback strategies without human involvement, such as state-machine mappings
of failures to predefined minimal-risk manoeuvres [92], sensor-failure fallback control
to safe areas [90], or dynamic driving task fallback policies prioritising safe locations
over immediate stops [20].

Taken together, the models surveyed above are primarily data-driven approaches
(e.g., regression or machine-learning performance models) but rarely provide an
operational, end-to-end state representation of the joint driver-automation system
for Level 3 operation. There is no widely adopted state model for ToCs linked to
traffic-flow analyses; most work treats pre- or post-takeover performance in isolation
or specifies fallback logic for failed transitions. The next Section 2.4 therefore turns

to modelling transitions in the context of traffic simulation.

2.4 Modelling Transitions in Traffic Simulation

As reviewed, most human-centred modelling efforts focus on the driver’s behaviour
after a takeover request, including perception, decision-making, and subsequent
control execution, all from a human factors perspective. In contrast, research from
the automation system perspective, often with a strong technical focus, is primarily

concerned with the ability of the automation to recognise constraints or failures,
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2  Control Transitions in Level 3 Automation

issue takeover requests in a timely manner, and manage failures through minimal
risk manoeuvres. Although both perspectives are important, they remain largely
disconnected. There is no established modelling framework that covers the entire
transition process on both the human and automation sides in a way that allows
impacts at the traffic level to be studied. From a traffic sciences perspective, this
represents a clear modelling gap which the microscopic traffic simulator SUMO [4]
addresses with its ToC model, presented by [42], enabling the representation of
transition behaviour in the context of traffic low and the investigation of its effects
on safety, capacity, and efficiency.

Control transitions in SUMO are implemented through a dedicated vehicle device,
which manages the switching between control regimes (manual <+ automated driving)
by altering parameter sets in the underlying car-following or lane-changing models,
or by substituting one model for another. The device also represents processes
during a control transition, such as the automated preparation for a takeover and the
temporary decrease in human driving performance after manual control is resumed.

The entire model is essentially a state machine model, as illustrated in Figure 2.2.

:—_ . T;;»\S;;—n OZ Contvol l]

| ‘Reo\uceo\ | | Manuad
Driver —I—’
|

Aujroma+eol |
Dv'\vw\g/

Rl | D\riv'\vxg

Figure 2.2: State machine of the Transition of Control in SUMO. Sequence from
Automated Driving via ToR to ToC Preparation Phase. Decision node: avail-
able time At compared to threshold Ti.,q. Successful transition: Reduced Driver
Performance followed by Manual Driving. Failed transition: activation of an MRM
(arrow depicts the driver-intervention case; otherwise the MRM persists to a minimum-
risk condition, typically standstill; not shown).

The ToC' Preparation Phase is realised by a gap control mechanism, which can
increase the desired time gap to a leading vehicle. It should be noted that such a
mechanism is not mandatory in Level 2, which requires the human driver to be in a

permanent, instantaneous state of readiness. The current regulations for Level 3 do
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2.4 Modelling Transitions in Traffic Simulation

not yet specify in detail how exactly a vehicle automation system should establish
a safe vehicle state for the takeover during the transition phase. ! Depending on
the parameterisation of the dedicated gap controller, a ToC can be modelled as
Level 1/2 or as Level 3, with the latter entailing an increased headway, as illustrated

schematically in Figure 2.3.

— automated mode —p —~manual mode —>

A TOC preparation [

successtul
[ToR]——Prase = | rqc
|

>0 1

3 : : //

‘g : common

= Hime headway
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el .
— —>
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Figure 2.3: Time headway increase during the ToC preparation phase in a car-
following situation, followed by convergence towards the common distribution of
manually driven headways after takeover.

The state of reduced driving performance after a downward transition is modelled
through a driver state mechanism that accounts for time-variant driver awareness,
with linear recovery from an initially lower level to full performance after takeover.
In case of a failed transition, the system initiates an MRM toward a minimum-risk
condition. If the driver resumes control before the MRM’s terminal state, this
realised outcome is a short MRM and the process continues with Reduced Driver
Performance. Otherwise, the MRM persists to standstill at a predefined constant
deceleration rate.?

Bringing these mechanisms together, the SUMO ToC device provides an exe-

cutable, traffic-level representation of Level 3 control transitions, integrating system-

!The Regulation No. 157 for Level 3 automated lane keeping systems (ALKS) by the UNECE |7§]
e.g. only states in their section 5.4.3. “During the transition phase the system shall continue to
operate. The system may reduce the speed of the vehicle to ensure its safe operation but shall
not bring it to standstill unless required by the situation.”

2A full technical description of the configuration and parameterisation of SUMO’s ToC device
can be found in the online documentation: https://sumo.dlr.de/docs/ToC_Device.html.
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initiated ToRs, preparation behaviour, temporary post-ToC performance, and the
MRM fallback within a single state machine framework. The timing of ToRs can also
be controlled programmatically via SUMQO’s TraClI interface. It supports per-vehicle
parameterisation and controlled variation of preparation policies (e.g., headway
increase), trigger timing, and driver-state recovery, thereby enabling experiments

with mixed-autonomy traffic compositions.

2.5 Traffic-Level Effects of Level 3 Control Transi-

tions

ToC-related research faces three constraints: (i) it predominantly addresses human-
centred aspects (cf. Section 2.2); (ii) incident-driven traffic safety studies [33, 64, 73,
15, 1] rely on disengagement reports (e.g., California DMV [9]) and crash reporting
under NHTSA’s Standing General Order [53], which together largely cover Level 2
or Level 4 incidents and higher-level testing rather than Level 3 operations; and (iii)
real-world Level 3 exposure remains limited because systems have only recently been
introduced and are rarely available, as reflected in geographically localised on-road
testing in the United States [54]. Comparable public reporting of disengagements or
automation-level crash data is largely absent in Europe and Japan; the European
Transport Safety Council notes that no mandatory public reporting exists [23]. As a
result, publicly available data on routine Level 3 operations are limited, in particular
for system-initiated, non-emergency ToCs at scale. Consequently, the traffic-level
effects of these transitions remain under-investigated.

Given these constraints, this thesis adopts a simulation-based approach to quantify
such effects. Under the current version of Regulation No. 157 for Level 3 automated
lane keeping systems (ALKS) by the UNECE [78], the Level 3 ODD is confined to
motorways. Scenario-based developments on rural and urban roads have only recently
been explored in limited form by projects such as L3Pilot [36] and Hi-Drive [17].
Accordingly, Chapter 3 presents simulation studies to assess network-level effects
of control transitions. In practice, such transitions occur in mixed fleets with only
partial Level 3 penetration; therefore, the simulations vary Level 3 penetration rates
across scenarios. To isolate the effects of control transitions, other behavioural or
dynamic factors specific to Level 3 (usage rates, driver-type heterogeneity, road type,
infrastructure compatibility, ODD readiness) are either held constant or embedded
within the simulation use-case definitions. Full driver compliance is assumed. The
overall objective is to quantify mitigable yet unavoidable ToC-related traffic impacts
at the network level.

At the traffic-flow scale, explicit treatments of ToC effects are scarce; a brief review
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2.5 Traflic-Level Effects of Level 3 Control Transitions

of the few available studies clarifies mechanisms relevant for the simulation design.
An analytic study by [85] derives a string-stability condition for mixed traffic with
takeover requests and validates it on a ring road, showing that increasing takeover
incidence near deceleration disturbances (e.g., drops in the lead vehicle’s speed)
degrades stability, with TTC thresholds and Level 3 vehicle penetration governing
the effect size. Complementing this, [39] simulate mixed traffic at a motorway merge
and report that moderate takeover times (5-7s) support stable flow, whereas very
short or very long takeover times (2s or 10s) destabilise it. Higher penetration of
conditionally or fully automated vehicles (AV) expands the stability region. Whereas
these studies emphasise post-takeover dynamics, the present thesis concentrates on
the ToC preparation phase in dense traffic.

Within this preparation-phase scope, a limiting factor in exploring ToC effects on
traffic flow is failed control transitions that result in extended MRMs. Such fallback
manoeuvres behave like incidents when they culminate in a standstill within a running
lane and can dominate traffic dynamics. Unless the vehicle is guided to the hard
shoulder, such MRMs trigger queue formation that obscures the effects of otherwise
predominant successful ToCs. These unsuccessful ToC events are comparatively
rare and vehicle-specific, requiring targeted vehicle and infrastructure interventions.
Accordingly, this thesis focuses on preparation-phase effects. MRM impacts and
traffic management measures to mitigate them are treated elsewhere, for example
in use-case-based simulations [43, 3|. To isolate potentially mitigable, cumulative
effects of system-initiated, non-emergency Level 3 transitions, the simulations assume
mostly successful takeovers and, in a small fraction of cases, only short MRMs with
human response times < 3s that do not result in complete lane blockages.

Methodologically, the simulation studies presented in Chapter 3 adopt a SUMO-
based approach with per-vehicle parameterisation (vehicle type and ToC behaviour)
and parameter values sampled from distributions to represent heterogeneous traffic.
Most importantly, consistent with Regulation No. 157, Level 3 automated vehicles are
assigned a desired time headway 73 = 1.6s, which is deliberately higher than values
often assumed for automated vehicles in the literature (e.g., sub-second cooperative
adaptive cruise control (CACC)-type settings or Level 4 AVs) and typically above
reported human desired headways on motorways [84]. These settings operationalise

the regulatory constraints in the experimental design across all studies.
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Chapter synthesis

This chapter defined the core concepts (ToC types, ODD and ToRs), surveyed human-
and system-centred determinants of takeover performance, reviewed representative
aspects of ToC modelling, and motivated an executable framework for traffic-level
analysis using SUMQO’s ToC device. Building on this foundation, Chapter 3 distils
modelling approaches and key findings from the associated publications and presents
the three main papers quantifying traffic-level impacts on efficiency, safety and
capacity. Chapter 4 synthesises overarching issues and complements these results
with additional analyses and follow-up experiments. In doing so, the thesis proceeds

to address RQ 1 (efficiency), RQ 2 (safety) and RQ 3 (capacity) in turn.
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3 Publications

The research activities on ToCs began within the framework of the EC-funded project
TransAID [76]. Several publications and technical reports emerged from this work
and serve as a basis for the main research contributions presented in the subsequent
sections. Initial implementations, modelling approaches, simulation setups, param-
eterisation schemes and key findings from TransAID laid the groundwork for the

developments and analyses discussed in the three main papers.

3.1 Associated Publications

3.1.1 From Automated to Manual - Modelling Control Tran-
sitions with SUMO

The following publication marks a starting point for the research presented in this
thesis, as it consolidates the core outcomes from the initial phase of the TransAID

project:

1. Leonhard Liicken, Evangelos Mintsis, Kallirroi Porfyri, Robert Alms, Yun-Pang
Flotterod, and Dimitrios Koutras. “From Automated to Manual - Modeling
Control Transitions with SUMQO?”. in: SUMO User Conference 2019. Ed. by
Melanie Weber, Laura Bieker-Walz, Robert Hilbrich, and Michael Behrisch.
Vol. 62. EPiC Series in Computing. EasyChair, 2019, pp. 124-144. DOI:
10.29007 /sfgk

This paper [42] presents the modelling framework for simulating ToCs in SUMO
as outlined in Section 2.4. Moreover, two traffic management scenarios are introduced
to demonstrate the impact of ToCs and the effectiveness of mitigation strategies based
on vehicle-to-everything (V2X) messages that roadside units (RSU) can transmit
to connected automated vehicles (CAV). In the first, providing CAVs with path
information via RSUs reduces unnecessary ToCs near obstacles, improving safety
without compromising throughput or emissions. In the second use case, labelled 5.1,
CAVs in a two-lane motorway scenario approach an area where their ODD ends, a

no-automated-driving zone (No-AD zone), cf. Figure 3.1.
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Figure 3.1: Tllustration of use case 5.1 from Figure 5 in [42]: CAVs receive a system-
initiated ToC at position z1,gr by a RSU due to an approaching area where automated
driving is not permitted. Drivers must resume control before reaching x,., to avoid
triggering a MRM within the remaining distance up to xepq.
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Figure 3.2: Excerpt of results from Figure 8 in [42]: Throughput and critical time
headways (TTC < 3s) for different traffic mixes under Level of Service C. The
baseline scenario (Base) is shown with hatching, the managed case (TM) in gray.

A heuristic ToR scheduling algorithm distributes the timing of ToCs upstream of
the No-AD zone. Executed at the RSU-level, the algorithm processes the observed
longitudinal states of approaching vehicles, the leader speed, and a local density
factor, and returns individual ToR times ¢; and positions z1°R. Driver response and
takeover execution are handled by the SUMO ToC model (cf. Section 2.4). As detailed
in [43], Algorithm 1 ® implements three steps: (1) compute a speed-dependent interval
At from the difference between the target ToR gap and the automated-driving gap
together with a braking rate byjry during an eventual MRM; (2) choose a ToR point
for the leading vehicle within [Zheg, Zmax| as a function of the density factor and assign
followers at t; = to — ¢ At, with positions for i > 0 computed as x;(t) + t;(t) vo(t);
and (3) proportionally rescale all trigger positions with any change in 2. (t) so that

all triggers remain within the managed segment. The effectiveness of this strategy is

3The algorithm was implemented in Python and interfaces with SUMO via the TraCI API.
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3.1 Associated Publications

illustrated in Figure 3.2, showing improved throughput and reduced TTC numbers

compared to the unmanaged baseline.

More importantly, the results from this scenario uncover a basic phenomenon:
quasi-synchronous ToCs at a specific location, e.g. at the end of a local ODD as
in these experiments, lead to bottleneck-like congestion under high traffic demand.
If not managed properly, as also shown in this paper, such ToCs reduce capacity.
This observation motivates the analyses in Sections 3.2-3.4. Across these studies,
Algorithm 1 is used as the reference traffic-management baseline to isolate traffic-level

effects of different ToC patterns and to evaluate mitigation strategies.

Algorithm 1: ToR scheduling algorithm based on [43, Section 3.1.5.2.1]
Parameters : SPACINGron, TIMEGAPron, SPACING 4, TIMEGAD 4,

bMRM; Theg

// fixed parameters from the section, Table 12//
Inputs : current states x;(t), v;(t) for vehicles i = 0,...,n (front to

back);

leader index 0 with speed vy(t); density factor p(t) € [0, 1];
upstream lmit .« (%).
Outputs  :updated ToR times ¢;(¢) and ToR positions z[°R(t).

while simulation running do
// Step 1: compute the current ToR interval Af(t)

1(t) < SPACINGpor + TIMEGAP1og - vo(t) // Eq. (4)
ga(t) < SPACING 4 + TIMEGAP., - (1) // Eq. (5)
Dy(t) <= g1(t) — ga(t) // Eq. (3)

At(t) < /2 D,(t) burm // Eq. (7)

// Step 2: schedule current ToR times and positions
choose or update leader ToR time ()

xOTOR(t) < min{ Tumax(t), Treg + P(t) [Tmax(t) — Toeg] } // Eq. (9)
for i + 0 to n do
ti(t) < to(t) —i- At(t) // Eq. (8)
if 2 > 0 then
| afOR(t) = ai(t) + t:(t) - vo(t) // Eq. (10)

// Step 3: dynamic scaling with moving ax(t)
for i <~ 0 ton do

6.(1) « iTREgjg; // Eq. (1)
FER(E) < (1) + Ou(t) [ (£) — (1) /) B (12)

// issue a ToR when vehicle i reaches z.°R(t)
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3 Publications

3.1.2 Related Publications

The following reports and papers supply the technical basis for the SUMO studies in
this thesis. They define the automation and driver-state models, the traffic/vehicle
parameterisation and simulation setup, and provide context to the RSU-centred V2X

mechanisms adopted in the motorway use cases:

2. Evangelos Mintsis, Dimitris Koutras, Kallirroi Porfyri, Evangelos Mitsakis,
Leonhard Liicken, Jakob Erdmann, Yun-Pang Flétterod, Robert Alms, Michele
Rondinone, Sven Maerivoet, Kristof Carlier, Xiaoyun Zhang, Robbin Blokpoel,
Martijn Harmenzon, and Steven Boerma. TransAID Deliverable 3.1 - Modelling,
sitmulation and assessment of vehicle automations and automated vehicles’
driver behaviour in mixed traffic. Tech. rep. European Commission, Sept. 2020.
DOIL: 10.3030/723390. URL: https://cordis.europa.eu/project /id /723390 /

results

e Report no. 2 of [49] provides a detailed account of the modelling aspects
of vehicle automation, including the implementation of adaptive cruise
control (ACC) and cooperative adaptive cruise control (CACC) models [65],
as well as the introduction of the driver state model for ToCs in SUMO.
The parameterisation schemes for traffic mixes and vehicle type definitions
(light goods vehicles (LGV); heavy goods vehicles (HGV); legacy /manual
vehicles (MV); CAV) described in this report were partially adopted for

the simulation experiments described in Sections 3.2-3.4.

3. Sven Maerivoet, Lars Akkermans, Kristof Carlier, Péter Papics, Bart Ons,
Stef Tourwé, Robert Alms, Yun-Pang Flotterod, Leonhard Liicken, Evange-
los Mintsis, Vasilios Karagounis, Dimitrios Koutras, Anton Wijbenga, Jaap
Vreeswijk, Alejandro Correa, Xiaoyun Zhang, and Robbin Blokpoel. TransAID
Deliverable 4.2 — Preliminary Simulation and Assessment of Enhanced Traffic
Management Measures. Tech. rep. European Commission, Oct. 2020. DOI:
10.3030/723390. URL: https://cordis.europa.eu/project/id /723390 /results

e Report no. 3 of [43] builds upon no. 2 by presenting an extensive simulation
setup, adopting models and varied vehicle and traffic parameter schemes
from no. 2, forming the basis for a simulation study comprising ten use
cases. The results and findings of use case 5.1 in particular, as described

in Section 3.1.1, have been picked up in the research of Section 3.2.
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3.1 Associated Publications

4. Alejandro Correa, Robert Alms, Javier Gozalvez, Miguel Sepulcre, Michele
Rondinone, Robbin Blokpoel, Leonhard Liicken, and Gokulnath Thandavarayan.
“Infrastructure Support for Cooperative Maneuvers in Connected and Auto-
mated Driving”. In: 2019 IEEE Intelligent Vehicles Symposium (IV). 2019,
pp. 20-25. DOIL: 10.1109/1VS.2019.8814044

e Publication no. 4 offers a condensed evaluation of a then-novel V2X
message type, the Manoeuvre Coordination Message (MCM) [22], that
conceptually and technically enables traffic management strategies to
coordinate CAVs via RSUs in critical cases, exemplified here with use

case b.1.

Outside the TransAID context, an additional publication [2| examines safety-related
aspects for Level 3-compliant ALKS that fall under UNECE Regulation No. 157 [78].

5. Robert Alms, Benjamin Couéraud, and Peter Wagner. “Perspectives on an
ALKS Model in SUMO”. in: SUMO Conference Proceedings 5 (July 2024),
pp. 269-285. DOIL: 10.52825 /scp.v5Hi.1198

e The paper no. 5 does not discuss ToCs in particular, since they are not
considered in the safety assessment of the regulation, but it touches on
the modelling challenges regarding Level 3-specific vehicle behaviour in
SUMO, i.e., emulating a lane-change detection mechanism resembling the
sensor-based model described in Regulation 157 which is critical to the

premises of the papers presented in Sections 3.3 and 3.4.

Taken together, the associated publications establish the modelling and simulation
basis used throughout this thesis: the SUMO framework for system-initiated control
transitions, the RSU-side ToR scheduling heuristic, and the parameterisation schemes
for vehicles, traffic mixes and V2X coordination. Use case 5.1 provides the empirical
baseline on which subsequent analyses build. Building on this foundation, Section 3.2
presents the first study, which examines effects on traffic efficiency and compares

ToR-scheduling strategies for mitigating ToC-induced impacts.

21


https://doi.org/10.1109/IVS.2019.8814044
https://doi.org/10.52825/scp.v5i.1198

3 Publications

22



3.2 Paper I — RL-Based Traffic Control

3.2 Paper I - Reinforcement Learning-Based Traf-
fic Control: Mitigating the Adverse Impacts of

Control Transitions

Originally published as:

(©) 2022 IEEE. Reprinted, with permission, from R. Alms, A. Noulis, E. Mintsis, L. Liicken,
and P. Wagner, “Reinforcement Learning-Based Traffic Control: Mitigating the Adverse
Impacts of Control Transitions,” IEEE Open Journal of Intelligent Transportation Systems,
vol. 3, pp. 187-198, 2022. doi:10.1109/0JITS.2022.3158688.

This article is licensed under CC BY-NC-ND 4.0, permitting non-commercial use,
distribution, and reproduction, provided the work remains unchanged and properly

cited. See: https://creativecommons.org/licenses/by-nc-nd/4.0/

Scope and Contribution of Paper I

This paper extends the preliminary work of [42] by focusing on use case 5.1, in
which quasi-synchronous ToCs occur at the boundary of a No-AD zone. Based on
the previously established unmanaged versus managed cases, several coordinated
traffic management strategies are compared. The optimisation problem is formulated
as a reinforcement learning (RL) task, framed as a trade-off between maintaining
traffic efficiency and prolonging automated driving. In RL, an agent learns a policy
through repeated interaction with the environment, guided by a reward signal. The
policy denotes the mapping from states to actions, complemented in actor—critic
methods by a critic estimating the expected return of those actions. Different
algorithms implement this interaction in distinct ways: Proximal Policy Optimisation
(PPO) [69] is an on-policy gradient method that requires fresh data for each update,
whereas Twin Delayed Deep Deterministic Policy Gradient (TD3) [24] is an off-policy
actor—critic method that reuses past experience via a replay buffer and employs twin
critics for stability. In constructing the simulation environment, traffic mixes and
parameterisation schemes were adopted from [49], and the motorway was discretised
into cells (each ~ 350 m long) containing local traffic flow information, which define
the observation space of a Markov Decision Process (MDP). Two alternative reward
functions were designed, and the action space was defined by a transmission rate of
ToRs a € [0, 1].

Initial training experiments prior to the paper submission, motivated by the rapid

improvement of the PPO algorithm in the machine learning domain at the time,?

4From DQN’s 2015 “human-level” Atari results [50] to PPO’s large-scale success at OpenAl in
2019 [56], and further evidence of PPO’s effectiveness in cooperative multi-agent games [91], similar
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3 Publications

failed due to insufficient parallelisation and the poor performance of PPO in this RL
setup using Stable Baselines 2 (SB2) [29]°. Therefore, with a revised formalisation of
the MDP, the paper reports experiments with the sample-efficient TD3 algorithm.
In this case, the continuous action formulation meant that the transmission rate was
modelled as a real-valued control variable rather than a discrete choice. Training
was conducted on the high-demand scenario LoD C with traffic mix 3, representing
an AV share of 40%. Aggregated results for travel time and average CAV distance
showed that RL models 1 and 2 achieved a balanced compromise between traffic
efficiency and automated driving continuation in the training scenario. This led to
the overall conclusion that RL-based controllers are at least on par with traditional
heuristic traffic management approaches.

With respect to RQ 1, unmanaged quasi-synchronous ToCs in dense traffic
(LoD C, Mix 3) cause a clear drop in traffic efficiency. Heuristic staggering reduces
this loss relative to the unmanaged baseline. The RL-based ToR-scheduling policy
delivers comparable gains in mean travel time and better preserves automated driving
distance. In this setup, ToCs materially degrade efficiency when left unmanaged,
and ToR scheduling is an effective traffic management measure. Further evidence

and caveats are discussed in Section 4.1.

RL techniques have been adopted in the traffic domain for traffic control and mixed-autonomy
traffic management (e.g., [82, 80, 12, 6]).

5The PPO algorithm and an up-to-date version of the Stable Baselines library (SB3) is discussed
later in Section 4.1.3.
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ABSTRACT An important aspect of automated driving is to handle situations where it fails or is not
allowed in specific traffic situations. This case study explores means, by which control transitions in a
mixed autonomy system can be organized in order to minimize their adverse impact on traffic flow. We
assess a number of different approaches for a coordinated management of transitions, covering classic
traffic management paradigms and Al-driven controls. We demonstrate that they yield excellent results
when compared to a do-nothing scenario. This text further details a model for control transitions that
is the basis for the simulation study presented. The results encourage the deployment of reinforcement
learning on the control problem for a scenario with mandatory take-over requests.

INDEX TERMS Connected automated vehicles (CAV), reinforcement learning (RL), take-over request
(ToR), traffic management (TM), transition of control (ToC).

NOMENCLATURE
AV Automated vehicle
CAV  Connected automated vehicle
Cv Connected vehicle
LoD Level of demand
MRM Minimum risk manoeuvre
MV Manual vehicle
MDP Markov decision process
No-AD No automated driving
RL Reinforcement learning
RSI Roadside infrastructure
™ Traffic management
TMC Traffic management center
ToC Transition of control
ToR  Take-over request.

The review of this article was arranged by Associate Editor Jia Hu.

. INTRODUCTION
HE TREND towards vehicle automation and connec-
tivity between vehicles (V2V) or infrastructure (V2I)
implies a need for traffic management approaches to deal
with emerging complications in future mixed traffic situa-
tions. In such scenarios, connected automated vehicles (CAV)
can be addressed individually by V2I technology, which dif-
fers considerably from classic traffic management tasks that
organize large numbers of road users with standard control
measures like, e.g., signal control or ramp metering. Based
on this communication, CAVs hold the potential to pose as
sensors and actuators within the traffic system simultane-
ously. This opens up prospects for novel traffic management
schemes.
Moreover, with the progressing deployment of CAVs that
provide state-of-the-art level-two functionalities (see SAE
taxonomy for automated vehicles [1]), the traffic system
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will gradually turn into a system of mixed autonomy. Such
a system presents various challenges in terms of traffic effi-
ciency and safety when human drivers and partly to fully
automated vehicles (AV) share the same road space. In partic-
ular, automation disengagements are of concern, i.e., when
a human driver has to operate as a fallback for a failed
vehicle automation and needs to respond in a proper and
timely manner to take back the driving task [2]. This safety
critical process, a so-called downward transition of control
(ToC) [3], is an increasingly important studied research topic,
especially from the perspective of manufacturers on how to
design respective takeover strategies in highly automated
vehicles [4], [5], [6].

In contrast, the macroscopic effects on overall traffic,
which even successful downward ToCs may induce when
occurring frequently in certain traffic situations and areas are
less investigated so far. Therefore, in this paper we consider
the issue of such transition areas from a traffic management
perspective with a specific focus on:

1) how to model, simulate and manage downward ToCs,

detailing some of the related work of the EC project
TransAID, and on,
how to design a traffic management control that miti-
gates the adverse effects of downward ToCs on traffic
with the help of tools from artificial intelligence
compared to a more traditional approach.
To the best of the authors’ knowledge, there is only one
other publication presenting a model for ToCs that conducted
simulations on traffic performance [7], but with a rather
limited scope on restricting the lane change behaviour. Thus,
we present a case study based on a novel ToC model, that
demonstrates possible outcomes in future scenarios of mixed
autonomy when downward ToCs contribute detrimental to
the traffic performance on a macroscopic level. Our study
introduces several approaches on managing those adverse
impacts.

We apply reinforcement learning (RL) which is a concept
in machine learning that formalizes a control task in form
of a Markov Decision Process (MDP) [8] to maximize a
reward in a trial-and-error learning process. Reference [9]
points out that the terminus RL is a class of solution
methods in machine learning as well as a research field
of these solutions that work well on a problem. In that
sense, this work simply uses RL as a method to solve a
control task for traffic management rather than research-
ing the problem of RL itself. RL-based methods have been
previously adopted to optimize traffic light performance [10],
control ramp meters [11], enable eco-driving along signalized
corridors [12], deliver personalized driving policies [13], or
facilitate big-data driven intelligent traffic management [14].
However, the RL-based management of downward ToCs
upstream of a no-automated-driving zone (No-AD zone) has
not been targeted by RL approaches up to date.

The rest of the paper is organized as follows. In Section II
we introduce the modeling of ToCs and discuss the out-
come of respective simulation results. Further, we briefly

2)
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review some related publications in the context of traffic
management of CAVs with the application of RL. Section III
describes the computer experimental setup. That is, we define
the traffic control task and formulate the MDP for the RL
experiment. Section IV presents the simulation results and
provides a discussion of the obtained results. Finally, in
Section V we present our conclusions from this study and
point to future research directions.

Il. RELATED WORK

A. TRANSITIONS OF CONTROL

ToCs constitute overarching processes that govern bi-
directional shifts of authority between the driver and the AV.
In case of downward ToCs, factors endogenous or exoge-
nous to the AV may force vehicle automation to disengage
and request driver’s intervention for resuming AV’s control.
The signal (audio, visual, haptic or combination of the latter)
from the vehicle automation side that notifies the driver for
the need to re-engage in the primary driving tasks is defined
as a take-over request (ToR). A successful downward ToC is
completed as soon as the driver has re-engaged and his/her
situational awareness and driving skills are fully restored. If
the downward ToC is unsuccessful, namely the driver does
not respond to ToR within the available lead time, the AV
stops as safely as possible via a minimum risk manoeuvre
(MRM). In case of upward ToCs, the driver hands over con-
trol to AV within its Operational Design Domain (ODD) via
the activation of its automated driving systems. For exam-
ple, the manufacturer Daimler recently announced that it will
introduce a conditionally automated level-3 system in 2022,
which deploys this depicted takeover strategy [15].

Failure from the driver’s side to react in a timely manner to
ToRs has been linked with fatal crashes in reports from both
the U.S. National Highway Traffic Safety Administration
(NHTSA) and the National Transportation Safety Board
(NTSB) [16]. Given the adverse impacts of downward ToCs
on safety, multiple studies have ventured to identify con-
tributing factors to automated vehicle disengagements, by
harnessing data collected for the disengagement and AV
collision reports of the California Department of Motor
Vehicles [17]-[19]. Findings from the latter studies indicate
that vehicle-initiated disengagements are positively corre-
lated with sensing and planning issues on the vehicle side
and occur with increased frequency in high speed driving
conditions or when behavior from other traffic participants
becomes unpredictable and irregular.

Another research branch on downward ToCs has placed
emphasis on determining human and AV system factors that
affect driving performance during the ToC-preparation and
post-ToC phases. References [20], [21] conducted literature
review studies to identify factors that influence response time
to ToRs (available lead time, involvement in secondary tasks,
take-over request functionality etc.) and post-takeover vehi-
cle control (braking-steering) in different traffic situations.
Moreover, they reviewed existing models suitable for captur-
ing the aforementioned artefacts of driver behavior prevailing
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FIGURE 1. lllustration of the proposed ToC model for both cases: panel (a) shows a
successful control transition; panel (b) presents an unsuccessful control transition
resulting in a MRM.

in the course of downward ToCs. High fidelity driver models
that can comprehensively capture behavioural processes dur-
ing downward ToCs are essential for exhaustively studying
their impacts and assessing possible mitigation measures via
computer simulations. To this end, [22] proposed a sim-
ulation framework that incorporated human factors (task
demand and capacity, situational awareness) in microscopic
traffic models which enabled the investigation of com-
plex driver-vehicle interactions occurring during downward
ToCs [23]. To capture the symptomatic side of potential
disruptions of smooth vehicle operation induced by down-
ward ToCs while, at the same time, enabling large scale
simulations, [24] developed a simplified, computationally
efficient model for ToCs, which allows capturing statistical
characteristics of the take-over performance of AV drivers.

The modelling and large scale simulation of planned
downward ToCs constitute focal elements in the context of
this study. Since our primary interest lies on the statisti-
cal distributions of the downward ToC characteristics and
associated potential disruptions of the smooth traffic flow,
rather than on the detailed psycho-physical processes under-
lying these, we employ the ToC model adopted from [24].
A generic description of the ToC model is provided below,
while its detailed mathematical formulations can be found
in [24].

The proposed ToC model as illustrated in Fig. 1 is based
on a state machine that enables transitions between auto-
mated and manual driving modes. ToRs issued during normal
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operation of automated mode prompt the commencement of
a preparatory ToC phase when automated driving can be
explicitly supported for a confined time interval (available
lead time). Upon expiration of the available lead time, two
distinct outcomes are possible according to driver’s response
to ToR. Either the driver reacts to the ToR and resumes vehi-
cle control (Fig. 1, panel (a)), or the AV is forced to enter
a minimum risk condition and stop as safely as possible
(Fig. 1, panel (b)). In the context of the state machine, the
first case pertains to the transition from the preparatory to
the post-ToC phase, where the driver may exhibit a reduced
driving performance until she/he fully restores her/his driv-
ing skills (normal operation in manual mode). The second
case pertains to the execution of a minimum risk manoeuvre
that safely stops the AV.

Our modelling approach encompasses the enforcement
of lane change abstinence, acceleration abstinence, and the
establishment of enlarged and secure car-following headways
via a gap control mechanism throughout the preparatory
ToC phase for safety reasons. The augmentation process
of car-following headways can be manipulated with the
adaptation of several calibration parameters of the lat-
ter mechanism (headway change rate, maximum allowed
deceleration, duration of gap opening manoeuvre) to attain
the desired car-following behavior (new desired headway,
duration the new desired headway is maintained). Driving
performance during the post-ToC phase is determined based
on a driver state model that embeds perception errors in
the default car-following behavior of the microscopic traffic
simulator SUMO [25]. Each driver is randomly assigned
an initial situational awareness state when she/he enters
the post-ToC phase and a situational awareness recovery
rate that regulates the restoration of situational aware-
ness until normal operation in manual mode is achieved.
Erratic car-following behavior is triggered during the post-
ToC phase according to perception specific action points
designed for imperfect driving [26]-[29]. Moreover, the
considered ToC model assumes a constant deceleration
rate during the MRM which can either take place in the
vehicle’s current lane or stop the AV on the right-most
lane via lane changes (if surrounding traffic conditions
permit).

Finally, the ToC model presumes two different ways for
issuing ToRs in SUMO. In the first case, the location of
ToRs can be a priori specified via a dedicated SUMO func-
tionality. In the second case, ToRs are issued dynamically
according to AV planned manouvres and surrounding traffic
conditions. In specific, if an AV encounters a dead-end lane
and is forced to execute a lane change for strategic reasons
while nearby vehicles block the AV intended manoeuvre,
then the AV will dynamically issue a ToR. On this occa-
sion, the location of dynamic ToR becomes a function of AV
speed and distance to the dead-end. Furthermore, dynamic
downward ToCs encompass dynamical sampling of driver
response time which entails probabilistic estimation of MRM
frequency as well.
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FIGURE 2. Baseline results of the TransAID use case study. Panel (a): Average
travel times for different parameter combinations LoD/Mix, panel (b): Exemplary
space-time-diagram for the mean speed of a single simulation run with LoD C and
Mix 3. The white dashed line indicates the point from which all vehicles are obliged to
drive manually.

This approach for modelling ToCs makes it straightfor-
ward to embed the associated processes into microscopic
traffic simulations of a broad variety of traffic scenarios at
a high computational efficiency, such that the macroscopic
assessment of impacts on traffic operations via microscopic
simulation software can be achieved. A simulation analysis
encompassing mixed fleet scenarios indicated that downward
ToCs can induce adverse impacts on traffic efficiency, con-
flict risk and the environment in a variety of traffic situations
(lane closure, road works, highway merge/diverge sections,
no automated driving zones) [30]. Key findings of this study
on the impact of downward ToCs on traffic flow upstream
of a No-AD zone in the absence of any vehicle specific
managing intervention from a Traffic Management Center
(TMC)! are displayed in Fig. 2. In Panel (a) the average
travel time of a single vehicle required to pass through the
whole simulated road segment (cf. Fig. 3) is reported for
an array of scenarios. These scenarios differ in the assumed
level of demand (LoD), and the composition of the traffic,

e., the percentage of automated vehicles. The LoD was
varied ranging over the categories A, B, and C, and the
percentage of different types of automated vehicles varied
over Mix 1 (30%), Mix 2 (50%), and Mix 3 (80%), see
Section III-C for details. Each scenario is assigned an ID
composed of the corresponding LoD and Mix code, i.e.,
scenario C2 corresponds to LoD C and Mix 2. It can be
observed that the do-nothing scenarios exhibit severe traffic
jams beyond a certain demand level, clearly leading to a drop
in speeds and a strong rise in the travel times. The space-
time diagram in panel (b) shows the disruption of traffic
flow caused by downward ToCs upstream of a No-AD zone
in a single simulation for a specific parameter combination
(LoD C, Mix 3).

To address the aforementioned impacts, [31] introduced
several infrastructure-assisted traffic management measures
designed for preventing, managing or distributing con-
trol transitions upstream of transition areas (areas on the
roads where multiple control transitions may concurrently

1. CAVs will be informed about the existence of the upcoming No-AD
zone via a simple information message, which causes automated vehicles
to hand over control to the human driver at a specific position.
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FIGURE 3. Panel (a) shows the basic control scheme for a traffic management
deploying CAVs for measurement and actuation in future traffic scenarios. Panel (b)
illustrates a control scenario of a RSI communicating with at d vehicles within a
defined control zone; colouring of vehicles corresponds to driving status; black
dashed lines indicate the control cell borders. Panel (c) shows a SUMO screenshot of
the discussed scenario.

take place). Simulation findings showed that the proposed
measures could mitigate the adverse impacts of control tran-
sitions for specific fleet mix and traffic demand scenarios.
In particular, the distribution of downward ToCs in space
and time upstream of a No-AD zone based on the TransAID
approach could in many cases prevent traffic disruptions. The
proposed distributed scheduling of downward ToCs reduced
the local accumulation of accelerations/decelerations which
may lead to strong speed variations and can consequently
generate unsafe conditions. Thus, the rise in travel times
observed in Fig. 2 could be at least postponed to a higher
demand, or, in the best case, be avoided at all by AV specific
ToR scheduling. Subsequently, the management of down-
ward ToCs and guidance of MRMs to safe spots has been
explored via real-world testing by Coll-Perales et al. in [32].
Their results suggested that the provision of personalized
advice to CAVs including information about recommended
ToC and safe spot locations could minimize MRMs taking
place in lane which can result in hazardous situations.

B. REINFORCEMENT LEARNING IN TRAFFIC CONTROL

RL is a branch in machine learning that is heavily researched
in emerging trends of deep learning applications nowadays,
partly inspired by recent influential publications from [33]
and [34]. Intelligent transportation systems (ITS) with often
highly complex control tasks and vast volumes of data are
a particularly promising field for data-driven techniques to
improve nonlinear models as well as developing novel ideas
to tackle future transportation challenges. The deployment
of RL in traffic research was propelled by its ready utiliza-
tion on control tasks in connection with traffic simulators.
There is a wide range of traffic simulations that emulate a
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certain system behavior. These representations of dynamic
traffic systems conveniently serve as the environment com-
ponent in RL. The feasibility to train an agent that operates
and handles specific tasks in such environments allowed
the rapid testing and progress of RL related techniques in
traffic control. As [35] point out in their survey, various
traditional transportation problems like demand or destina-
tion prediction, travel time estimation, traffic signal control
or traffic flow prediction are investigated with help of deep
learning and RL techniques.

Other areas of research and application where deep
learning and RL have proven useful are traffic signal con-
trol [36], [37], [38] connected automated vehicles in mixed
autonomy traffic [39], variable speed limit control at bottle-
necks and ramps [40], or at round-abouts [41], to name but
a few.

lll. EXPERIMENTS

A. COMPUTER EXPERIMENTAL SETUP

We define the main control task as follows: A Traffic
Management Center has to address vehicles within a con-
fined area to prevent them from entering a No-AD zone,?
still driving in automated mode. Therefore, a generic two-
lane road is divided into two regions: (1) an upstream area
denominated the control zone where automated driving is
allowed and (2) a downstream area, where manual driv-
ing is mandatory (No-AD zone). Thus, the TMC issues a
ToR to every CV and CAV approaching the No-AD zone.
Vehicles that receive a ToR, initiate a downward ToC. A
downward ToC results, for a certain time-span, in a mod-
erate vehicle deceleration caused by the gap enlargement
in the ToC preparation phase, and possibly reduced human
driver performance. The control zone is managed by the
TMC via V2X communication, e.g., using roadside infras-
tructure (RSI). The RSI receives position, speed and driving
status from each CV and CAV via cooperative awareness
messages [42] and maneuver coordination messages [43].

Fig. 3, panel (a) illustrates the envisioned role of con-
nected vehicles within the standard control scheme of traffic
management, actively adding sensory information and direct
actuation to the control loop. Panel (b) details this sim-
ple idea of an RSI communicating with vehicles within the
control zone by sending individual ToRs, aiming to prevent
those vehicles to exit the control zone while still driving
in automated mode. Panel (c¢) shows a snapshot of such a
simulation experiment in SUMO.

For simplicity, failing downward ToCs resulting in MRMs
are not managed specifically in this scenario.’ Although
MRMs are included in the simulations with a very rare aver-
age rate of occurrence, we do assume that human drivers

2. In this study we do not further examine the rationale for the mere
existence of a No-AD zone. We presume the No-AD zone as a prerequisite
for the TMC to address automated vehicles not to enter this area while
driving automatically.

3. We refer the interested reader to [44] for a concept of how MRMs
could be guided to safe spots if the given infrastructure permits.
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including the prospective role of connected automated vehicles in this context (red
boxes).

resume the vehicle’s operation timely and do not block one
lane, or both lanes, for an extended period of time. In the
majority of the events, the driver takes over before the vehicle
has stopped completely. Thus, occurring MRMs still have
a negative impact on the traffic flow, but from a macro-
scopic perspective, they play only a secondary role relative
to the by far more numerous downward ToCs. Fig. 4 shows
the respective probability distribution of the reaction times
by human drivers to take back control of the vehicle after
receiving a ToR.

B. FORMULATION OF MARKOV DECISION PROCESS
(MDP)

An MDP is a formalization of the decision making process of
an agent that interacts with its environment. Specific actions
by the agent affect the state of the environment. Based on
observing the current state of the environment, the agent
can take actions that aim to maximize future rewards, where
rewards represent desirable outcomes. Fig. 5 schematically
shows such an interaction.

In reference to Fig. 3, the environment represents the
transport system, in our case emulated with the traffic simu-
lator SUMO, and the agent corresponds to the traffic control
logic. The data obtained by measurement and the means of
interaction via V2X technology provide a basis for defining
specific actions and observations in the MDP in this context.
RL uses this formalization in order to guide and improve
the decision making of an agent in such an interactive
environment.

In this work we train a policy with Twin-Delayed
Deep Deterministic Policy Gradient (TD3) [45], using
the implementation of the stable-baselines library (version
2.10) [46]. A TD3 algorithm, which is a modification of
Deep Deterministic Policy Gradient (DDPG) [47], simul-
taneously learns a Q-function for value updates and a
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target-policy that maximizes the Q-function through gra-
dient ascent. The interplay between those two is referred
to as an actor-critic algorithm. TD3 improves on DDPG,
by adding three tricks: (1) estimating the target with two
Q-functions (clipped double Q-Learning), (2) employing a
lower update rate on the target network (delayed policy
update) and (3) adding random noise to the target policy
(target policy smoothing) [47].

In the following, we formulate two models, model I and
model 2, which differ in observation space and reward func-
tion. The definitions for observations, actions and rewards
in the next paragraphs are derived from initial work in [48].

1) OBSERVATIONS

The standard RL approach requires that the space of all pos-

sible states is of a fixed dimension. Therefore, the description

of a dynamic vehicle flow as a list of vehicle states is not

suitable, as this list greatly varies in length over time. We

propose to overcome this problem by dividing the control

zone of the highway into a constant number of cells per

lane. In this manner, the agent can operate on a constant

state space, despite facing a dynamic number of vehicles.

The cells represent smaller parts of each lane with approxi-

mately the same size (cf. Fig. 3, black dashed lines indicate

cell borders). We found that a number of Nces = 14 cells

represents a good trade-off between complexity and granular-

ity for the scenario at hand. Every cell is described by three

respectively four values, which constitute the perception of

the environment for the agent:

(1) the average speed of all vehicles in the cell,
(i1) the number of manually driven vehicles (MVs) in the

cell,

(iii) the number of CAVs in the cell,

For model 1, these quantities constitute the complete state

of the environment. For model 2, we further provide

(iv) the number vehicles that are about to enter the control
zone in the next time steps (see paragraph c) below
for details).

2) ACTIONS

Similarly, each cell represents a potential target object for
an action of the agent, i.e., the TMC. Effectively, an action
would correspond to the transmission of ToRs to all CAVs
in a specific cell at a specific time step. However, for-
mally we construct the action in the MDP framework as
a vector

aclo, 1]Ncells’

which assigns a probability a;, with 0 < a; < 1, to each
cell, with which an effective action is triggered. Thus,
at each control step (that is every second), the agent
updates the probability for a ToR to every cell, taking into
account the observed state. In this context, an assignment
a; = 1 corresponds to the deterministic decision of send-
ing ToRs to cell i, while @; = 0 ensures that no ToR is
emitted.
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Furthermore, the protocol ensures that a vehicle, which
passes one of the last cells before the No-AD zone, will
always receive a ToR, if it hasn’t already. This is to avoid
the vehicle from entering the No-AD zone while still driving
automatically.

3) REWARD

At each control step, a reward
()

is calculated based on a part r,(¢) associated to the state of the
environment and a part rror(f) associated to the number of
effective ToRs transmitted by the TMC. For both considered
models, we employ a ToR reward

r(f) = rror (1) + (1),

Neelis
FToR (1) = Z rror.i - #{ToRs sent to cell i}
i=1

— 71oR - #{TORs sent to last cells}.

(@)

Here, rror.; is a constant which defines the reward associated
to a transmission of a ToR to a CAV in the i-th cell, which
increases linearly from zero to wror with the cell’s index
along its lane. That means, the further downstream a CAV
is located when receiving its ToR, the higher the associated
reward. As an exception, if the ToR is sent just before the
No-AD zone, a penalty mror is imposed, since a belated
transmission increases the risk for CAVs to enter the No-AD
zone in automated mode.

The fraction r,(¢) of the reward (1) applied in model 1 is
proportional to the average speed v(#) taken over all vehicles
in the control zone:

3

where vmax = 36m/s is the maximal allowed speed in the
scenario.

In model 2 this definition is extended by terms account-
ing for vehicles loaded into the simulation, but not entered,
yet. For clarity, given a specific demand level, the simula-
tion software SUMO generates vehicles at a corresponding
rate and tries to insert these into the simulation scenario. If
there is not sufficient free space on the road, it keeps the
generated vehicles in a buffer. That means, these “pending”
vehicles represent a tailback not depicted in the simulation
and contain information regarding the traffic situation, valu-
able to its evaluation. Accordingly, we define the reward for
model 2 as

¥y, modell (®) = v(?) /Vmax,

Fy,model2 () = V(#) + Vpend (f) — Tpend - #{pending vehicles},

“

where Vpend(f) is the average speed of all vehicles in
the control zone and in the simulation buffer (accounted
for with speed zero), and mpenq is a constant scaling the
penalty imposed per loaded vehicle, not yet inserted in the
simulation.

VOLUME 3, 2022

30



IEEE Open Journal of
Intelligent Transportation
Systems

TABLE 1. Demand levels.

Level of demand (LoD)
A B C
1470 2310 3234

Qin [veh/h]

TABLE 2. Traffic compositions with vehicles shares for three different mixes.

Traffic mix Vehicle Type
MV cv CAV
Mix 1 70% 15% 15%
Mix 2 50% 25% 25%
Mix 3 20% 40% 40%

TABLE 3. Vehicle types in the simulation represented by SUMO model combinations.
The KrauB model is SUMO’s standard model, while the ACC model is described in [49].

hicle T
Driving Mode SUMO Model Vehicle Type
MV cv CAV
K - -
Car Following rau ©
ACC - o) o
Lane Change Default © ) )
Parametrized LC - o 0
Control Transition ToC ‘ - ‘ [ ‘ [ ‘

C. SIMULATION AND TRAINING SETUP

We conducted our simulations with the microscopic traffic
simulator SUMO [25], version /.6. On a two-lane motor-
way with a length of 5.0 km and a speed limit of 130 km/h,
vehicles enter the network randomly with a Poissonian dis-
tribution with a demand Qj, at the upstream part of the road.
The maximum capacity of the two-lane motorway is assumed
to be 4200 [veh/h] for a homogeneous fleet of MVs, that
means without the existence of control transitions. Since the
maximum road capacity inevitably decreases in the presence
of control transitions in all cases, and also in every case dif-
ferently, we compare those TM approaches based on the
induced demand. Three different demand levels LoD were
defined (see Table 1).

The following tables summarize the three different traf-
fic mixes with shares of manually driven (MV), connected
(CV), and connected automated vehicles (CAV) used in the
experiment (see Table 2), and also the respective vehicle
models represented by the different models in SUMO (see
Table 3). The selection of the simulated traffic mixes was
made to verify that increasing shares of CV/CAVs esca-
late traffic disruption due to higher frequency of downward
ToC events which are not efficiently distributed in space
and time, rather than to explicitly quantify the exact pene-
tration rates of CVs/CAVs inducing traffic flow breakdown
as a result of accumulated downward ToCs. In the context
of our simulation experiments, we consider that drivers of
CVs continuously monitor the operation of the automation
functions and can promptly react to ToRs. Moreover, CVs
are ACC/CACC capable and their lane change behavior is
more conservative compared to MVs. On the other hand,
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drivers of CAVs can be involved in secondary tasks dur-
ing normal operation in automated mode, and thus exhibit
delayed response to ToRs or even fail to resume vehicle con-
trol within the available lead time (CAV executes MRM on
these rare occasions). CAVs are also assumed ACC/CACC
capable, but their lane change behavior is more conservative
compared to CVs. A detailed parametrization of the utilized
SUMO models per vehicle type can be found in [30].

In the simulation, the No-AD zone starts at 2.5 km down-
stream of the network entry. The TM controller addresses
CVs and CAVs ahead of the No-AD zone by sending
take-over requests via the SUMO API traci.

For the parametrization of the TD3 training we mainly
use the default parameters provided by the stable baselines
library. For approximating the policy and the Q-function
we deploy neural networks with two hidden layers, using
[300, 400] for layer size as in [47]. The only hyperparam-
eters, which have been altered in favor of the best results,
are:

1) buffer_size: The size of the replay buffer to save expe-
riences at each step, to update the target network
episodically was set to 100000.

2) train_freq: The value to define the model update rate
of the target network was set to 300 steps.

Two different models termed model I and model 2 were
trained with the respective rewards functions. For the respec-
tive reward parameters we chose: wor = 10, mor = 100,
Tpend = 1/1200. A training episode ran for 1200s, with the
first 200s as uncontrolled warm-up in order to establish a
fully populated control zone. We let the model learn for
2000 episodes with a random seed for each episode. Both
policies were trained on the highest demand level C with
the vehicle fleet of Mix 3.

After the finished training, we ran simulations with both
models for all parameter combinations (LoD/Mix), each
combination with 10 random runs for 1 hour simulated time
per seed.

IV. RESULTS

In the following we present the results obtained from the
simulation study. We ran simulations for all parameter com-
binations (LoD/Mix) for model 1, model 2, the do-nothing
case (baseline), the deterministic control approach proposed
by the TransAID consortium [31], and a random model, that
encompasses uniformly distributed ToRs within the control
zone. Since our RL-based models were explicitly designed
with the consideration of mobility objectives, we focus on
the analysis of simulation results from the traffic efficiency
perspective. First, we evaluate the performance of all cases
based on the average travel times per vehicle and the average
distance driven in automated mode (CAV distance). Also, we
compare the control strategies for both trained models based
on space time diagrams and the spatial distribution of sent
ToRs. Finally, we analyze the training success by evaluating
the reward.
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A. MOBILITY PERFORMANCE
Fig. 6 presents the aggregated results of the simulation study
for all parameter combinations for both models compared to
the unmanaged (baseline) and also two alternatively managed
cases (TransAID) and (random). Panel (a) shows the indi-
vidual vehicle’s average travel times in the form of boxplots.
Panel (b) respectively presents the average covered distance
of CAV's within the control zone driving in automated mode.*
Firstly, comparing only the two trained models with each
other, we observe that travel times are almost the same for all
combinations except for C/3 where model 1 slightly outper-
forms model 2. Notably, this is the combination the models
were trained with (cf. red boxes in Fig. 6). On the other hand,
for C/3 model 2 covers significantly more CAV distance than
model 1 (about plus 300m per vehicle on average, which cor-
responds to approximately one cell length), corresponding to
the rationale of the model development, see Section III-B.
For parameter combinations C/2 to B/1 model 2 is able to
prolong automated driving for CAVs longer than model 1.
For LoD A differences in CAV distance are rather small. So,
the plain side-by-side comparison of both models leads to
the initial conclusion that both achieve a good compromise

4. Note, for better visibility, in panel (a) we excluded boxes of the
baseline simulation for parameter combinations higher than B1/Mix 1. In
panel (b) we used grouped scatter plots and drew additional lines between
groups for each model.
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between optimizing travel time and CAV distances simulta-
neously, yet with different emphasises on favouring travel
time vs. CAV distance (cf. Fig. 6, case C/3).

The good performance of both models becomes obvious
at higher demand levels when compared to the the other
three approaches. For the baseline, we first take a look at
panel (b) with the CAV distance. Due to the fact that all
CAVs perform the control transition shortly before entering
the No-AD zone, they cover the maximum possible CAV
distance, but since consecutive and simultaneous downward
ToCs cause disruptions in traffic flow, the travel time in
panel (a) increases significantly (up to the factor 6, see Fig. 2)
which ultimately results in traffic jams for parameter combi-
nations higher than B/1.% In contrast, the original approach
from TransAID is based on distributing individual ToRs, by
forming virtual platoons for consecutive CAVs. This allows a
continuous optimization of the latest possible ToR depending
on the current speed of a CAV, achieving quite low aver-
age travel times, in fact slightly better than model 2 and
similar compared to model 1 (see panel (a)). But, since this
approach strongly depends on the traffic density within the
control zone, in panel (b) we can observe a steady decrease
in CAVs distance for higher parameter combinations. Both
models prevent this decline for LoD B and LoD C, but drop
noticeably in CAV distance for LoD A.

Comparing the random case to both models, it is notice-
able, that this rather simple heuristic approach performs very
well for LoD A and LoD B in terms of travel time and
CAV distance, similar to TransAID. For C/3 though, this ran-
dom approach apparently hits the capacity limit way earlier
and shows significantly higher travel times.

Overall, the highest benefits of the two RL models com-
pared to all other cases can be gained at LoD C depending on
the performance metric (travel time vs. CAV distance). Both
models seem to be able to handle lower demands and mixes,
i.e., LoD B/Mix 2 and Mix 3, that are somewhat close to
the training case, but for LoD A that mobility performance
drops for the RL models.

B. CONTROL STRATEGY PERFORMANCE

In Fig. 7 two exemplary space time diagrams are shown,
which correspond to the same parameter combination as in
Fig. 2. They illustrate that both models are very well able to
distribute downward ToCs so that no traffic jams develop.
The visible differences between panel (a) and (b) in the
distribution of the mean speed within the control zone (the
area below the white dashed line) result from the different
control strategies of the two models. The areas of lighter
blue indicate the occurrence of short episodes of slower

5. Notice that for the baseline, the average covered CAV distance for
demand level LoD A and B1/Mixl1 is less than 2000m opposed to the
rest of the combinations with 2400m. This is because the ToR message is
triggered dependent on the current vehicle speed. For combinations with
low travel times, vehicles can drive almost up to their desired speed, which
is about 36m/s opposed to the rest of the parameter combinations, where
vehicles in congested traffic only drive about 5 — 10m/s.
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average speed, which do not build up to a persistent con-
gestion, though. Also, they support the argument that the
TMCs objective is to preserve a rather smooth traffic flow
without too many disruptive decelerations/accelerations by
consecutive vehicles at similar positions. Clearly, model 1
and model 2 improve the smoothness of the traffic flow
in comparison with the unmanaged case shown in Fig. 2.
Thus, the rationale of the reward design seems to have iden-
tified mechanisms related to the emergence of congestion in
that case. The trained controllers manage successfully and
counteract congestion by a distribution of ToRs.

However, the spatiotemporal diagrams rather indirectly
point to the control strategy, since the vehicle speed is
a delayed indicator of the TMCs distribution strategy.
Therefore Fig. 8 shows the spatial distribution of ToRs sent
to CAVs within the control zone for each lane. As a clear
distinction, we observe a disparate utilization of the left and
right lane between both models, as well as different spatial
distributions over the length of the control zone. Whereas
model I uses both lanes almost equally close to a normal
distribution pattern around 1050m, model 2 shows significant
differences in distribution (skewed distribution on left lane)
and lane utilization shifted further downstream (1600m on
right lane). This might be connected to differences in the
overall performance of the control strategies. On the con-
trary, both models show similarities in not sending ToRs to
the last cells before the No-AD zone (longitudinal position
>2000m), as imposed by the reward definitions.
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Despite these differences, the ToC management performs
well in both cases while achieving a compromise between
travel time optimization versus preserving the automated
driving mode.

C. TRAINING ASSESSMENT

Fig. 9 shows the reward curves for the training process of the
RL-based models 1 and 2. Both models converge relatively
quickly, although model 2 apparently needs more episodes
to do so. Given that we effectively trained for 1000 steps per
episode, the final average return is about 2.2 - 2.4 for both
models. However, note that the average return for model 2
may be expected to deviate slightly due to the different
definition for r,(¢) in Eq. (1), cf. (4).

Overall, some of the variance in the reward could be
explained due to the randomness in vehicle flow and num-
bers. For the training of models 1 and 2, leading to the
performance reported in Section IV, we ran each training
run for 2000 episodes with random seeds per episode.

Additionally, we tested training runs with fixed seeds,
i.e., deterministic vehicle flows for each episode, in order
to find a smoother reward convergence (as e.g., in [50]).
Those test runs (not displayed here) indeed showed less
variance in the reward and also converged at about the same
level as the training with random seeds. Nonetheless, the
random seed training induced a better overall performance.
We consider this to be attributable to an increased versatility
of the control gained from the confrontation with a larger
variety of situations and allowing it to handle different LoD
and traffic mixes in a more robust fashion.

Moreover, it is worthwhile mentioning that the choice of
the reward definition is critical for the training success, as
well. For example, during the development, we tested one
function, which imposed rather strong penalties (i.e., negative
rewards) on the sending of ToRs. The penalties included a
similar cost gradient as in (2), which favored longer distances
in automated driving mode. From this definition, the model
did not learn to postpone ToR transmissions, as intended. In
contrast, it rather learned to reduce the occurrence of ToRs
via a reduction of the inflow. This was achieved by sending
all ToRs to the first cell in contradiction to the original
objective of prolonging the distance of automated driving.
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Clearly, an accurate design of the reward is necessary to align
the resulting model behavior with the training objectives.

V. CONCLUSION

For a range of different demand levels and ratios of auto-
mated and manually driven vehicles, we have demonstrated,
that traffic control can significantly attenuate the negative
side-effect of control transitions from automated to manual.
Four different TM methods have been explored and com-
pared to a do-nothing scenario: Two heuristic approaches
adhering to the form of conventional TM protocols, and two
based on a RL approach employing slightly different reward
functions. All methods perform similarly well, in terms
of travel times and slight improvements with the trained
RL models for prolonging the automated driving mode.
Furthermore, all protocols outperform a do-nothing solution.
Especially for higher demand levels the performance gap is
significant. It is noteworthy that the RL models were trained
with just one, relatively high demand at a fixed, relatively
high ratio of automated vehicles in the traffic composition,
but still perform properly when getting applied to lower
demands and other fleet mixes in our scenario.

The robustness of the RL approaches has been tested by
changing the demand and the vehicle fleet composition. In
all cases, we see that the traffic management can ameliorate
the potential capacity drop induced by an accumulation of
downward ToCs in transition areas. We assess that this delay
of the foreseeable capacity drop under high demand and
with high CAVs percentages will be the task at hand for
future TMCs in comparable scenarios. However, for very
large demands close to capacity limit all of the methods
must finally fail. While the two RL models, as well as the
conventional TM controller, do not differ considerably in
the maximum capacity they finally achieve, they enhance
the capacity significantly compared to the baseline approach.
The conventional TM controller TransAID, although way
better than a do-nothing approach, manages high demand
levels only by compromising the objective of preserving the
automating driving mode. On the contrary, the naive random
distribution TM approach achieves better CAV distances than
TransAID, but only performs adequately for lower demands
and hits the capacity limit earlier than the RL models.

We acknowledge that the sole objective to maintain auto-
mated driving as long as possible, although a downward
ToC cannot be avoided in such a scenario, might be con-
flicting from a traffic management perspective and should
only be considered while simultaneously tackling the adverse
impacts discovered in the baseline analysis. Manufacturers
and consumers of CAVs on the one hand might be interested
in maintaining automated driving features without external
interference, while from a traffic safety and efficiency per-
spective it can be favourable to initiate downward ToCs
further upstream. In denser and highly heterogeneous traf-
fic, belated ToRs resulting in ToCs close to a No-AD zone
also mean more complex and possibly unsafe interactions
between MVs and CV/CAVs. Therefore preserving a smooth
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and safe traffic flow should be a priority in such scenarios for
a TMC. Although limitations of the ToC model, such as not
capturing evasive and overtaking manoeuvres, may amplify
the adverse downward ToC impacts discussed before, we
think that the results presented illustrate the feasibility to
accomplish both objectives (efficient traffic + automated
driving) concurrently as long as demand and traffic mix do
not exceed the capacity limit in the scenario. In that regard,
the RL method achieves a better overall performance.

Accordingly, this work shows that an Al-based approach is
very well able to be on par with more traditional approaches,
which usually require a lot of traffic domain knowledge
to be developed. Thus, Al-approaches open the promis-
ing perspective of control solutions with a limited need for
such expertise, and offering a potential for synergies with
developments in other areas. It is still a challenging and
time-consuming task, though, to develop adequate RL mod-
els, which usually require a careful tailoring to the given
problem. Besides, the duration of the development cycle of
adapting the MDP setup and assessing the learning progress
of the altered model is often governed by the computational
complexity of the task. In our case, the training of a model
variant took about 24 hours (on a Intel Core 19-10900X CPU
10 x 3.7GHz) and numerous iterations were necessary to
find an adequate formalization and parametrization of the
training experiment.

Finally, we plan to adapt our RL-based models in future
work so that they also account for safety objectives, and
conduct an explicit microscopic traffic simulation based
safety evaluation that will encompass an in-depth analysis of
conflicts and relevant surrogate safety assessment measures
(SSMs). Moreover, the aspect on how to handle MRMs in
such traffic scenarios, which were mostly ignored in this
study, might be a future research focus for applying RL to
elaborate TM schemes, but it will take significant effort and
time, considering the rather low sample efficiency of the
training process. In addition, we think that not much more
can be gained in terms of traffic efficiency with any other TM
approach, for a scenario such as we presented, since a con-
trol transition itself, as modelled here, diminishes capacity,
and there is no method that can bring it back.
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Scope and Contribution of Paper II

Following the efficiency-focused analysis in Paper I, Paper II addresses RQ 2 by
examining the safety implications of Level 3 ToCs in a different scenario. With ALKS
approval limited to 60 km/h in the 2021 version of UNECE Regulation No. 157 [79],
several automotive manufacturers introduced their first Level 3 systems to the
market®. Motivated by this speed restriction in the ODD, a use case was defined to
investigate potential implications for traffic safety”. Accordingly, Paper II develops
a SUMO-based experiment contrasting a Base scenario (no ToCs) with a Level 3
scenario (ToCs triggered at the ODD boundary) across multiple traffic mixes and
demand levels up to and near capacity. Safety is assessed using surrogate safety
measures (SSMs), namely time to collision (TTC) and modified deceleration rate
to avoid a crash (MDRAC; a variant of DRAC, the deceleration rate to avoid a
crash). The results indicate that consecutive ToCs in an accelerating vehicle stream
at the ODD boundary (i.e. speeds > 60km/h) degrade safety near capacity once
the Level 3 share becomes non-negligible, beginning with Mix 1 (20% AVs). Two
additional experiment variants investigate potential mitigation and stability issues:
an open-gap preparation setting, which suppresses active deceleration during ToC
preparation, removes the detrimental pattern and suggests anticipatory headway
management for AVs as an effective countermeasure; by contrast, a string-unstable
ACC variant reveals amplified safety risks, indicating an adverse interaction between
controller instability and ToC timing.

With respect to RQ 2, safety-relevant effects occur under near-capacity traffic

SHonda in a limited series in 2021 in Japan; Mercedes in 2023 in Germany and the US; BMW
in 2024 in Germany.

"The amended version of Regulation No. 157 from 2023 [78], which extends the ODD range up
to 130km/h, and the subsequent approval of Mercedes’ Level 3 system up to 95km/h in 2024, will
be discussed in Paper III.
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when ToCs concentrate at the ODD boundary. Mitigation in such a speed-limited
ODD (whilst under accelerating traffic conditions) is possible through an anticipatory
headway element, either implemented via infrastructure-assisted traffic management
(TM) or vehicle-system prediction. Section 4.2 augments these results with an

additional ODD-limited scenario.

Correction note:

The following Figure 3.3 presents a corrected version of the use case illustration
from Figure 3 in Paper II. Specifically, the original graphic displays a speed profile
in panel (b) that does not correctly reflect the speed limits illustrated in panel (a),
i.e., 60km/h and 100 km/h. In Figure 3.3, the updated profile in panel (b) now
accurately represents the increasing average velocity in the scenario after the speed
limit increases from 60 to 100 km /h, illustrating the effects of mandatory ToCs in
Mix 5 (including AVs) compared to Mix 0 (without AVs).®

We proposed this correction to the MDPI Safety journal, but the request was

declined by the editorial office, as it was considered a minor issue.

Lo e

(b)

100 Speed profile for use case |
-Fé — Mix0 -
] 801 Mix5 )
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Figure 3.3: Corrected speed profile of the use case illustrated in Figure 3, panel (b).

8Note that due to a LGV/HGYV share of 15% in these simulations, the average speed does not
reach the full 100km/h in the second section when the ODD is off. This is caused by the lower
maximum speeds of such trucks, resulting in an average velocity slightly below the speed limit.
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Abstract: Level 3 automated driving systems could introduce challenges to traffic systems as they
require a specific lead time in their procedures to ensure the safe return of vehicle control to the driver.
These processes, called ‘transitions of control’, may particularly pose complications in accelerating
traffic flows when regulations mandate control transitions due to an operational speed limitation of
60 km/h as established in recent certification processes based on UNECE regulations from 2021. To
investigate these concerns, we conducted a comprehensive simulation study to examine potential
safety implications arising from control transitions within mixed-autonomy traffic. The simulation
results indicate adverse safety impacts due to increased safety-relevant interactions between vehicles
caused by transitions of control in dynamic traffic flow conditions. Our findings also reveal that those
effects could become stronger once string unstable ACC controllers are deployed as well.

Keywords: automated vehicles (AVs); Level 3 automation; mixed-autonomy traffic; surrogate safety
measures (SSMs); take-over request (ToR); transition of control (ToC)

1. Introduction

With Level 3 automated driving systems at the verge of entering today’s market [1,2],
questions concerning traffic safety inevitably arise due to impending Level 3 disengage-
ments that result in so-called ‘transitions of control” (ToCs) [3]. Whereas contemporary
research primarily emphasizes human factors in Level 3 conditional driving [4], an often
neglected aspect is the potential macroscopic impact of ToCs on traffic safety caused by
procedural effects in automated driving systems. As automation levels increase, so do
the demands on human drivers in transition situations to ensure safe vehicle operation,
since Level 3 operation permits drivers to divert their attention from present traffic sit-
uations (cf. SAE levels of automated driving [5]). Similarly, the technical prerequisites
on the automation side must guarantee that handover situations are triggered within an
appropriate time frame and under safe traffic conditions. UN Regulation 157 from 2021
initially approved Level 3 operation up to 60 km/h [6] for so-called ‘Automated Lane
Keeping Systems’ (ALKS). Within these speed limitations, the first market-ready Level 3
systems have already been approved in Germany. Today’s amended UNECE version from
2023 lays the regulatory foundation for certifying fully operational Level 3 ALKS even
up to 130 km/h [7]. Prospectively, this opens up the opportunity for manufacturers to
have their automated systems certified in stages, e.g., up to 80 km/h or, if the technical
requirements and capabilities allow for it, for the full speed range up to 130 km/h. This
raises the question of how such an Operational Design Domain (ODD) considering a
speed limitation could impact traffic safety and whether interim approval up to a level
like 60 km/h poses risks regarding mandatory control transitions. Therefore, we have
conducted an extensive simulation-based safety analysis to examine basic, scalable effects,
yielding the following contributions:
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(1)  We elaborate on our approach to model, parameterize, and simulate control transitions
in a traffic scenario, encompassing the implications stipulated by the current UNECE
regulations considering Level 3 systems that adhere to mandated speed limitations.

(2)  We introduce a comparative method for evaluating surrogate safety measures (SSMs)
based on histogram distributions, which can be visually represented in a heatmap.

(3)  We present findings from three distinct use cases exploring fundamental ToC effects.
The results from the main use case indicate ToC-induced safety impacts for high
demand that is close to capacity limit in mixed-autonomy traffic with Level 3 shares
>20%. The safety impacts assessed in the second use case can be attributed as negli-
gible when taking an anticipatory property for the ToC preparation phase of Level 3
automation into consideration. The third use case shows increasingly detrimental
traffic safety implications with ACC-related string instabilities in traffic flow.

Presently, comprehensive analyses concerning safety implications of ToCs are limited.
We attribute this fact to deficiencies and constraints in existing ToC modeling. This study
aims to provide more precise results with the help of a novel ToC model introduced by [8,9].

The rest of the paper is structured as follows: In Section 2 we elaborate on the control
transition process, discuss simulation and modeling aspects, and review the latest research
results assessing large-scale implications of ToCs. Moreover, we present selected SSMs that
are relevant for our further investigation. Section 3 details our simulation experiment and
the proposed methodology to assess the selected safety metrics. In Section 4, we present
the simulation results and engage in a discussion of the findings. At last, in Section 5, we
draw our conclusions from this study.

2. Literature Review
2.1. Transitions of Control

Control transitions, or transitions of control, delineate procedures that regulate the
transfer of authority between the human driver and the automated vehicle (AV). The SAE
taxonomy for driving automation systems [5] defines five different levels (cf. Figure 1);
within such, ToCs constitute the transitions between those levels, typically from higher
levels to zero or vice versa. In the case of upward ToCs, the driver cedes control to
the AV within its predefined ODD. This transfer is facilitated through the activation
of its automated driving systems, relinquishing the execution of longitudinal (acceler-
ation/deceleration) and lateral (steering) driving tasks to those systems. For automation
Levels 1-2, the human driver keeps monitoring the driving environment, whereas for
Levels 3 up to 5, those monitoring tasks shift to the automation. Up to Level 3, the human
driver poses as the fallback entity to ensure safe driving performance.

In instances for which the vehicle automation, due to a range of potential external or
internal factors, cannot operate safely within its ODD anymore or is requested to disengage,
a downward ToC is initiated. This prompts the AV to request the driver’s intervention
in order to continue manual control of the vehicle. The mechanism employed to inform
the driver of the need to re-engage in primary driving responsibilities, which may involve
auditory, visual, or haptic signals or combinations thereof from the vehicle automation, is
termed a ‘take-over request’ (ToR). A successful downward ToC is considered complete once
the driver has re-engaged and continues normal operation with fully restored situational
awareness and driving skills. However, if the downward ToC fails, meaning the driver
does not respond to the ToR within the specified lead time, the AV will perform a minimum
risk maneuver (MRM) to come to a safe stop.
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Figure 1. SAE levels from [5] Table 1. The red rectangle highlights the fallback entity for Level 3
automation. Abbreviations: DDT = dynamic driving task; OEDR = object and event detection,
recognition, classification, and response; ODD = operational design domain.

Particularly, the topic of takeover times in AVs in urgent situations has been researched
in great detail over the past decade in human sciences, mostly in driving simulators
aimed at specifying criteria for the appropriate design of human-machine interfaces for
takeovers [10]. A comprehensive overview of such experimental studies is provided by [11].
Another motivational factor behind those research studies was to derive indicators of how
to conceive takeover strategies in simulation models and automated driving systems with
respect to lead times and post-ToC behavior. Recently, studies have focused on human
responses to prototypical Level 3 automated driving systems in terms of physiological
effects, risk acceptance, comfort level, trust, and various other aspects from the perspective
of being in a passenger role during Level 3 operation [12-18]. An extensive literature
review examining various influential factors on takeover performance is given by [19]. A
notable approach of a generic multi-level framework for microscopic simulation by [20]
incorporates human factors such as task demand, task capacity, and situational awareness.
Based on this model, ref. [21] presented a detailed simulation study to investigate vehicle
interactions, alluding to detrimental effects of accumulated ToCs in their analysis. How-
ever, most of the related research focuses on individual driving performance and local
effects (collision avoidance, lateral and longitudinal safety, and risk tolerance) and is often
conducted in driving simulators, small-sample-sized real-world tests, or sub-microscopic
simulations. Thereby, the simplified state machine model developed by [8] for the micro-
scopic traffic simulation SUMO [22], designed to efficiently capture potential disruptions in
traffic caused by ToCs and to facilitate large-scale simulations, is further elucidated in the
following paragraph.
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Figure 2 presents an illustration of the model, with panel (a) depicting a generic
velocity timeline a for successful transition and panel (b) showing a failed transition with a
differing timeline. In both variants, a preparatory ToC phase is initiated after a ToR has
been triggered, after which automated operation continues for a limited time span (referred
to as the available lead time). Yet, the AV’s automation system takes safety precautions
during the preparatory ToC phase, i.e., increasing its headway, lane change avoidance, and
acceleration abstinence, and continues operation until either re-engagement from the driver
(successful ToC) or expiration of the available lead time (failed ToC), at which point it starts
an MRM. For the latter case of a failed ToC, the model assumes a constant deceleration
rate for the MRM, which can occur in the vehicle’s current lane or the right-most lane
(via a autonomous lane change maneuver) depending on traffic conditions. In the case of
successful control transition, the post-ToC phase’s driving performance is determined by a
driver state model that considers perception errors for imperfect driving, as detailed in [8],
which was partly adapted and based on action point models developed by [23-26].

(a) Successful Transition:
4 Driver Resumes Control after ToR
Automated Mode Manual Mode
Post ToC Phase Normal Operation
= Car-following
% | 7 Headway [
= : Enlargement : :
1 1 1
-
8 ! : ! :
o 1 | 1 I
W 1 | 1 1
> | Automated ! Erratic Car- | H
< Automated |  Driving during | Tollowin ' Manual '
Driving | Available Lead | 9 1 Driving 1
\ Ti ! Performance \ |
| me 1 \ '
] : 1 1
1 1 ]
| : | 1
tror
Time (sec)
(b) Failed Transition:
4 AV stops after MRM
Automated Mode Manual Mode
Normal Operation

£ Car-following
t 1 .~ Headway
1
= ' Enlargement
|
3 ! l
o ! 1
a ! N Constant
m 1
> i Automated : Dect’r:gﬂon
< Automated Driving during : Rate Manual
Driving | Available Lead \ Driving
: Time :
' 1
\ |
1
tTﬂR
Time (sec)

Figure 2. Illustration of ToC model mechanisms based on descriptions from [8]. Panel (a) depicts a
generic velocity timeline for a successful transition; Panel (b) outlines a failed transition.

While previous research on ToCs so far has predominantly focused on individual conse-
quences of failed transitions by analyzing crash incidents or disengagement reports [27-30],
the examination of ToCs’ large-scale effects on traffic has only gained attention in recent
years. Among the first studies addressing complications induced by ToCs and exploring
potential traffic management countermeasures is the work by [9]. This study identified ad-
verse impacts on both traffic efficiency and safety. In a small simulation study emphasizing
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traffic efficiency performance, Ref. [31] developed a simplified ToC model that restricts lane
changes during control transitions while approaching a bottleneck. Although the study
discussed safety-related aspects of ToCs, their analysis solely focused on traffic efficiency.
Another very insightful study conducted by [32] assessed the potential impact of ToCs
through a comprehensive simulation study for all of Japan. They analyzed variations in
crash rates and highlighted the role of overconfidence or distrust in detrimental ToCs,
which diminish the accident reduction effects they previously identified. The study gener-
ally observed an overall positive impact of vehicle automation on crash rates, particularly
when the market penetration of AVs exceeded 50%. Furthermore, ref. [33] re-simulated
specific motorway scenarios, such as ‘cut-in’ situations, based on accident data from the
GIDAS dataset provided by the Federal Republic of Germany. This analysis focused on
the severity of changes in these driving scenarios and derived potential benefits from auto-
mated driving functions by projecting the results to a national scale. In a simulation-based
case study aimed to propose potential traffic management countermeasures to mitigate
adverse impacts induced by control transitions [34], our earlier research focused on traffic
efficiency performance, deferring an in-depth analysis of safety ramifications from ToCs.
Therefore in Section 3, we introduce a new case study dedicated to investigating these
safety effects in greater detail, and we share our findings in Section 4.

2.2. Surrogate Safety Measures

Surrogate safety measures are an important and helpful tool for evaluating traffic
safety, particularly when crash events in data are rare or nonexistent, as in mixed-autonomy
traffic scenarios. A good categorization, including mathematical definitions of relevant
SSMs, can be found in a survey in [35]. Another comprehensive and quite deliberate
literature review is given in [36], which details state-of-the-art SSMs in mixed-autonomy
traffic research. Particularly, the authors critically discuss certain shortcomings of SSM-
based safety assessments and point out inadequacies in simulation-based safety evaluations,
which concentrate on automated driving without calibrated vehicle models. They also
highlight underestimation of criticality and risk due to inadequacies in vehicle modeling,
consideration of reaction times, and the interpretation of solitary SSMs with fixed but
non-validated thresholds.

Typically, SSMs are categorized into two main classes: (I) SSMs for identifying individ-
ual conflicts and (IT) SSM-based models for estimating crash risks or probabilities. Common
sub-categories for (I) can be further divided into (i) time-based, (ii) deceleration-based, or
(iii) energy-based, or combinations thereof. The time-based SSM we refer to hereafter in
this work is the well-established Time to Collision (TTC) [37], which is defined as:

_d if >
TTC = {vzvl’ nosn (1)

00, otherwise

with d denoting the space gap and v, — v; being the speed difference between the leading
and the following vehicles. Another representative deceleration-based SSM, denoted
as the Deceleration Rate to Avoid Crash (DRAC), dates back to a concept introduced
by [38] (although not yet fully formalized as a metric in that paper). It is defined as:

(v2—v1)?

DRAC = { 24 ¢

if vy > vg @)

0, otherwise

For an energy-based SSM, we reference [39] as an example, which presents an interesting,
novel approach called ‘extended delta-V’, which estimates the crash severity of potential
conflicts. Since this work does not delve deeply into SSM-based models or other related
approaches, we refer the interested reader to [35,36] for more comprehensive information.
However, we want to allude to a few notable papers that helped us develop a feasible
approach for our own case study (see Section 3.3). In their study, ref. [40] employed an
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approach for assessing the impact of connected automated vehicles on traffic safety by
evaluating the distributions of TTCs rather than using a specific threshold for counting
critical events. Even though their analysis is mostly descriptive, the histogram-based
approach circumvents the utilization of non-validated criticality thresholds. Such so-called
‘surrogate safety histograms’ (SSHs) have also been used for completely different contexts,
i.e., analyzing traffic safety based on vehicle trajectories for individual vehicle conflicts,
and has proved to be helpful for comparing TTC results for different conditions [41,42].

As pointed out by [35,36], the absence of human perception-reaction times (PRT)
or response times (RT) is a noted concern. In response to this issue, we introduce the
Modified Deceleration Rate to Avoid Crash (MDRAC), which was developed by [43] as
an enhancement over the traditional DRAC. The MDRAC takes into account a perception—
reaction time (PRT) and is devised as follows:

=29 if TTC > PRT, vy > v
MDRAC — {Z(TTCPRT) 2 1 3)

00, otherwise

When [44] introduced their novel SSM, Deceleration Rate to Avoid a Crash using Constant
Initial Acceleration (DCIA), they utilized the MDRAC for verification purposes. Their
work inherently presented compelling data that underscored the superior sensitivity of the
MDRAC compared to the traditional DRAC. (For their analysis, they used PRTs of 1.3 s and
2.02 s. We elaborate on our rationale for using a PRT of 1 s in Section 3.3.) The DCIA model
was developed with the aim of accounting for the relative acceleration between two vehicles.
Similar considerations were also explored by [45] but with a different analytical approach
involving the design and introduction of a modified TTC, referred to as ‘"MTTC’. Both
publications emphasize the limited expressiveness of the TTC when considered individually,
motivating them to develop SSMs that incorporate relative decelerations. In a thoroughly
performed study, ref. [46] validated bivariate SSM threshold pairs based on crash data,
concluding that only a combination of conflict indicators can reliably estimate crashes. Their
research also indicates that the DRAC, in particular, seems to systematically underestimate
potential crash events.

Taking into account the previously mentioned considerations, we utilize two SSMs in
our subsequent safety analysis: (1) the TTC and (2) the MDRAC. In a scenario-based simula-
tion study, we investigate safety implications of ToCs, as specified in the following sections.

3. Simulation Experiment
3.1. Use Case Definition

Based on the principles set forth in UN Regulation 157 from 2021 [6] that led to
first automated system approvals adhering to a speed limitation, we define a use case to
investigate the impact of ToCs on traffic flows in mixed-autonomy driving conditions. Those
regulations permit these approved Level 3 systems to currently operate up to 60 km/h
in ODD compliant conditions, e.g., on unidirectional infrastructure such as highways.
Therefore, on a two-lane highway, we split the speed limit into a sub-60 section, where AVs
can drive in automated mode, and a downstream section with a higher limit of 100 km/h
(cf. Figure 3a). Consequently, vehicles will accelerate to their desired or allowed speed (up
to 100 km/h) when entering the latter section, requiring AVs to perform a ToC when their
own current speed and also the perceived speeds of the surrounding vehicles exceeds the
60 km/h limit for Level 3 ODD operation.
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Figure 3. Panel (a) illustrates a schematic two-lane highway scenario where AVs are required to
perform a ToC when exceeding 60 km/h. Panel (b) shows mean speed variants for this use case with
different AV shares (Mix 0 versus Mix 5).

The speed profiles for two traffic flows in this use case are shown in Figure 3b and
present the mean speeds for a traffic mix without AVs (cf. blue line, Mix 0) versus a
traffic mix with a high AV share (cf. orange line, Mix 5). Comparing these two profiles, we
see that due to consecutive ToCs, disruptions in the traffic flow delay the overall speed
increase in the high-AV case.

Therefore, we define two scenarios:

*  Base: AVsdo not perform ToCs based on ODD limitations. Consequently, AVs continue
to drive fully automated without speed limitations, accelerating up to 100 km/h in the
second section of the road. All vehicles operate in their respective automation modes.

* Level 3: AVs operate within the ODD limitations. Therefore AVs are required to
perform a ToC in the second section of the road, where surrounding traffic allows for
driving at higher speeds beyond 60 km/h.

In this main use case, we investigate the principle safety implications caused by
control transitions when the ToC model operates with the default parametrization: that
is, emulating a preparatory ToC phase that actively increases a safe gap from its leading
vehicle until the transition to the human driver is successful (cf. Section 3.2). UNECE
regulations state that the automation may reduce the vehicle’s speed during the transition
to ensure safe operation. We discuss alternative approaches and potential countermeasures
to avoid active deceleration by the vehicle automation in Section 4.2, but we also argue
the technical requirements and difficulties that Level 3 automated vehicles face in such
heterogeneous conditions.

3.2. Parametrization and Simulation Setup

We constructed traffic compositions with a broad range of vehicle shares, including
AVs, manual vehicles (MVs), and heavy and light goods vehicles (HGVs and LGVs), as
presented in Table 1. Each vehicle enters the simulation with its respective parametrization
scheme as a manual or automated vehicle. LGVs and HGVs are considered to be manually
driven trucks. AVs that do not perform a ToC in the Base scenario keep their ACC model
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throughout the simulation. For the Level 3 scenario, AVs continue their operation as MVs
after performing a ToC, which means they switch from the ACC to SUMO's default model.
Table 2 summarizes the deployed models. Parametrization schemes for vehicles, lane
changes, and ToC model(s) were adopted from [47]. The parameters used for defining the
ToC models’ preparatory phase are shown in Table 3. The simulations were performed
with SUMO version 1.19.

Table 1. Traffic compositions with vehicle shares for six different mixes.

Traffic Mix Vehicle Type

AV MV HGV LGV
Mix 0 0% 85% 5% 10%
Mix 1 20% 65% 5% 10%
Mix 2 40% 45% 5% 10%
Mix 3 60% 25% 5% 10%
Mix 4 80% 5% 5% 10%
Mix 5 85% 0% 5% 10%

Table 2. Vehicle types in the simulation represented by SUMO model combinations. The Krauf3
model is SUMO'’s standard model. The ACC model is part of SUMO'’s car-following model selection.

Vehicle Type
Driving Mode SUMO Model

MV/HGV/LGV AV

. Kraufs o) -
Car-Following ACC . o
Default 0 _

Lane Change Parameterized LC - o
Control Transition ToC - o)

Table 3. Parametrization of SUMQO’s ToC model.

Parameter Description
Target additional space headway during the prepara-
ogNewSpaceHeadway = 5.0 m tor}%phase before &FTOC y 8 prep
ogNeuTimeHeadway = 10.0 s gzlffgfet ;111{;echeadway during the preparatory phase
ogChangeRate = 1.0 Change rate of headway adaption during the prepara-
& & ) tory phase before a ToC

Maximum deceleration rate due to headway adaption

- 2
ogMaxDecel = 1.0 n/s during the preparatory phase before a ToC

Head = 10s Available lead time for AVs

In regard to parameterizing t}e,q, and also the other parameters in Table 3, it is impor-
tant to note the lack of reliable information available from the manufacturers. In recent
EC projects like L3Pilot or Hi-Drive, the manufacturers explicitly stated their restrictive
data disclosure: referring to a competitive customer market. Recent technical reports from
the Hi-Drive project [48,49] suggest a specification range from 5-20 s but without further
details on when ToRs will be triggered. Moreover, in a press release, [1] stated 10 s as a lead
time for their Drive Pilot system.

In order to compare both scenarios accurately, based on volume/capacity ratios, we
determined the capacities individually for each scenario and each traffic mix. This was
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deemed necessary since the six distinct traffic compositions defined in Table 1 entail differ-
ent capacities due to differing lane utilization caused by the vehicle model’s longitudinal
and lateral driving behavior (including capacity-diminishing effects caused by ToCs). To
identify the respective capacity for each traffic mix, we ran simulations with increasing
demands until a surge in the vehicle insertion backlog could be detected, which means
that SUMO cannot insert more vehicles per time step in a fully populated network (SUMO
delays vehicle departures to ensure safe gaps between consecutive vehicles if the minimum
gap would be violated). Table 4 following summarizes the measured lane capacities for
both scenarios.

Table 4. Measured lane capacity ¢ (veh/hour) per traffic mix in SUMO for both scenarios .

Traffic Mix
Mix 0 Mix 1 Mix 2 Mix 3 Mix 4 Mix 5
Base 1700 1600 1550 1500 1450 1450
Level 3 1700 1500 1350 1250 1230 1170

Vehicles randomly enter a 5000 m, two-lane road network with a Poissonian distribu-
tion, while the demand is determined for a volume/capacity ratio range from [25-100%] per
parameter combination traffic mix/percentage. To represent the vehicle types (cf. Table 2)
with a heterogeneous fleet, we created random distributions for each type, wherein SUMO
randomly picks vehicles for insertion from a type-specific set of 1000 differently parameter-
ized vehicles each time step.

For the Level 3 scenario, in order to emulate the necessary return of vehicle control
from the automation to the human-driver, ToRs are triggered for AVs through the SUMO
API TraClI in the second road section. ToRs are issued based on the current ego vehicle
speed and the average speed of the surrounding road section. A simplified abstraction of
the mechanism is shown in the following pseudo-code:

while simulation = true do

monitor speedLevel

add AV to pendingVehiclesList

for AV in pendingVehiclesList: do

if (AV.speed && speedLevel > 16.7 m/s) then
issue ToR
else if AV.pos > endOfSection then
issue ToR
end if
end for
end while

For the Base scenario, no alteration to vehicle behavior through TraCl is necessary. To
model individual human driver takeover times to ToRs, a Gaussian probability distribution
was created as in [47] with an expectation of 7 s and a variance of 2.5. This distribution
results in about 10% short MRMs: i.e., driver reaction times exceeding the available lead
time of 10 s but only with durations of less than 3 s. MRMs with longer durations up to
causing the standstill of a vehicle, thereby blocking a full lane, are not considered in this
study. A concept of how to handle long MRMs with infrastructure assistance deploying
V2X messages can be found in [9,50].

Takeover time distributions are often analyzed in controlled driving simulator studies
such as, e.g., [51], but clear evidence of the distribution pattern (normal, skewed, platykur-
tic,...) in regard to Level 3 related ToCs remains inconclusive, which is why we refer to
the stated normal distribution. The mean takeover time is set seemingly high compared to
takeover times often referenced in studies for urgent ToCs with rather short takeover time
budgets. A range of 7-8 s as a common time budget for supposedly urgent ToCs with a
respective range of approximately 2-3.5 s for takeover times is stated by [19] in their review.
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Similar ranges were previously identified in a survey by [52], but their own research also
focused on non-urgent, normal ToCs, which showed notably increased takeover times with
secondary task involvement (median: 6 s). Since we consider the ToCs mandated in our
described use case as non-urgent, planned ToCs, we regard the referenced mean takeover
time of 7 s as adequate for our parametrization.

All parameter combinations run with 10 different seeds for at least 1 h simulated
time. In total, we conducted 6 mixes x 6 ratios x 10 seeds x 2 scenarios = 720 simulations
for the main evaluation (plus an additional 1440 simulations for the two extra use cases:
cf. Section 4).

3.3. Method for Assessing SSMs

We assess the safety ramifications with two SSMs: TTC (time-based) and MDRAC
(deceleration-based). Typically, theses metrics are count based: meaning the number of
events within a specific time period is accumulated. Therefore a dedicated threshold
needs to be specified to define an event as critical. These thresholds, which differentiate
events between critical and non-critical, have a wide range in the literature and also
depend on the context of real-world, driving simulator or simulated traffic data. Based on
crash evaluations from naturalistic driving studies (NDS), ref. [53] suggests a TTC range
0.7-1.4 s, whereas [54] states a range of 2.6-3 s from driving simulator tests. Reference [55]
summarizes its findings as a range of 1.5-5 s for TTCs. For MDRAC:s, usually the same
range from 3.0-3.4 m/ s? as for the DRAC is utilized [44,46]. (A basic evaluation with what
we found to be two illustrative thresholds each (i.e., TTC with 1.75 s and 3.0 s; MDRAC
with 3.0 m/s? and 3.4 m/s?) is shown in Section 4).

On the other hand, we note the quite limited expressiveness of such a threshold-
based evaluation since it is bound to the validity of the specified thresholds that define
the criticality. For SUMO, no validated set of thresholds exists for any of the established
safety metrics since those would also have to be calibrated for each car-following model
individually. Due to no available real-world data with Level 3 automated vehicles on a
large scale, we see no feasible option to find a valid set of criticality thresholds in SUMO, at
least for our scenarios.

Thus, we offer a complementary analysis with the selected SSMs that aims to provide
better comparability between the two defined scenarios by exposing differences more
robustly than a count-based evaluation could, at least for our use case. Figure 4 exemplarily
shows the histograms and density distributions for TTC and MDRAC data of one simulation
set (i.e., 10 seeds), comparing the two defined scenarios: Base vs. Level 3. In this case, the
histograms illustrate rather substantial differences between the distributions (orange vs.
blue) for both metrics. Consequently, distinguishing between critical vs. non-critical events
by appointing a distinct critical threshold might be obvious and robust for identifying
safety issues. On the contrary, when data points are sparse or roughly similar, noticing
safety issues from the data might be more inconclusive because even small differences in an
appointed criticality threshold may have great impacts on the total number of count-based
events. (We consider it impractical to include all 72 histograms from our primary simulation
case. The presented heatmaps encapsulate these histogram data.)

The proposed steps to evaluate a full dataset per SSM are listed as follows:

1.  Include all data points within a range of interest of the SSM (i.e., TTC events between
0-8 s and MDRAC events > 0.2 m/s?) and calculate the surface integral of the his-
togram. This results in one condensed value for the total number of TTC or MDRAC
events, respectively, for a full simulation set

2. Inorder to compare both scenarios against each other, calculate the difference between
the surface areas derived from the histograms: Total = Level 3 — Base.

3.  Draw a colored heatmap for all parameter combinations for each metric. Also, nor-
malize the data for better comparability to other (alternative) scenarios.
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Figure 4. SSMs for main use case: parameter combination traffic Mix 4, v/c ratio 85%. Panels (a,b)
present histograms for TTC and MDRAC on a log scale (left y-axis) comparing Base (orange) vs.
Level 3 (blue); cumulative densities are represented by dash-dotted lines (right y-axis).

All events are weighted equally when calculating the integral. Inherently, events with
higher TTC values occur more often than those with lower TTC values in traffic flows;
thus, the surface value holds greater emphasis on more frequent but potentially less critical
events (and vice versa for MDRAC events). Additional tests with weighted results showed
negligible impact on the final heatmap visualizations, supporting the robustness of our
approach when sufficient data are available.

Note, that for each traffic mix defined in Table 1, there is a corresponding capacity limit
referenced in Table 4. As described before, these different capacities entail that in order to
isolate the impact of ToCs within each traffic mix, all parameter combinations of traffic mixes
and v/c ratios have to be simulated with and without the occurrence of ToCs. This is why
scenarios Base and Level 3 were defined in Section 3.1 and why calculating the difference
between those respective results, as denoted in Point 2, is deemed necessary. To further
highlight the safety impact of ToCs, we include traffic Mix 0 in all following representations
of the results as a reference traffic share without AVs (and consequently, no ToCs).

Additionally, Figure 4 shows cumulative density distributions on the the second y-axis
(see dashed lines). Those distributions can also be used for non-parametric statistical tests,
such as Kolmogorov—-Smirnov [56] or Cucconi [57]. Although both tests were carried out on
the result data to test for statistical significance, we do not present these explicitly, since non-
parametric tests usually are sensitive to the sample size. Note, that we ran those tests for
accumulated results (high sample size) as well as separately on each seed (relatively small
sample size) for all parameter combinations of mixes and v/c ratios. In most of the cases,
the tests showed highly significant differences that are in line with the presented heatmap
results shown in Section 4. Nevertheless, we refrain from including these statistics since we
cannot determine a suitable sample size due to the nature of our simulated data from the sce-
nario at hand. Moreover, for evaluating the MDRAC, we implemented the necessary code
for the SSM device in SUMO (see https:/ /github.com/eclipse-sumo/sumo/pull /13352,
accessed on 1 November 2023) and parameterize it with a PRT value of 1 s. For simplicity,
we keep this value constant throughout the entire evaluation. As [58] stated in his extensive
analysis, there is no exact value to estimate the reaction time for human drivers to brake,
since it depends on the level of expectancy. The author provides a range from 0.75 s up to
1.5 s for mean response times. Note also, that in this context, this means we only assume
a PRT to analyze the SSM. SUMO does not model a PRT in its car-following models per
se. The parameters stepLength and actionStepLength for all simulations are set to 0.1 s;
accordingly, the vehicle models react in each time step. Even though decoupling theses
two parameters can emulate aspects of a PRT, it would still not resemble a true model of a
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perception-reaction loop. This topic is worth a comprehensive study itself, but this is not
the main focus of this work.

4. Results and Discussion

In the following section, we analyze and discuss the main results from the simulation
experiments (cf. Section 4.1 as well as two alternative use cases (cf. Sections 4.2 and 4.3)—
which examine different premises for simulating Level 3 automation—in order to disclose
further potentially beneficial and detrimental safety ramifications.

4.1. Safety Analysis

Tables 5 and 6 present the count-based evaluation for critical TTCs/hour and MDRACs/hour
with two different thresholds for each metric. Both tables only show values for the Level 3
scenario since no critical events could be detected for the Base scenario.

Focusing on Table 5, we observe that for either threshold, with very low demands
i.e., v/cratios below 55% and without automated vehicles in the traffic composition, i.e.,
Mix 0, zero or only very few events per hour can be noted. With increasing demand (>55%),
critical events occur more frequently, even with lower automation shares for Mix 1 and
Mix 2. In comparison, we notice obvious discrepancies in the number of critical events
depending on the threshold (i.e., 1.75 s and 3.0 s). Nevertheless, for both thresholds, similar
trends for mixes > Mix 2 and demands closer to capacity limits > 70% can be identified.
For the maximum values, the critical event rate increases from zero to either 7.3 /h or up
to 44.8/h depending on the threshold. Considering MDRACS in Table 6, we observe a
less distinct discrepancy between the events for both MDRAC thresholds. Comparable
trends to those stated for TTCs can be observed, with absolute values overall being closer
to their corresponding TTC value pairs for the critical TTC threshold < 1.75 from Table 5.
Maximum values for increased critical event rates are 7.1/h and 8.9/h, respectively.

Table 5. Comparison of critical TTCs/h for Level 3 scenario with v/c ratio range from [25-100%]
for traffic Mixes 0-6. The critical thresholds chosen for the measurements are: TTC< 1.75 s and
TTC< 3.00 s. Note that for all parameter combinations in the Base scenario, no critical events
were detected.

Traffic Mix
Mix 0 Mix 1 Mix 2 Mix 3 Mix 4 Mix 5
>175 >3.00 >175 >3.00 >175 >3.00 >175 >3.00 >175 >3.00 >175 >>3.00
. 1oo0 0 0 6.5 29.1 6.4 36.6 6.8 37.6 7.3 44.8 7.1 39.7
L 8 0 0 3.5 184 4.1 20.5 5.0 25.9 45 30.2 2.6 23.2
o 70 0 0 2.7 9.6 3.2 14.8 3.1 14.8 4.1 22.3 2.7 16.8
'§ 55 0 0 14 49 1.6 7.9 1.7 8.0 2.3 10.5 0.9 6.9
g 40 0 0 0.2 1.9 04 1.9 0.6 3.7 0.4 3.4 0.7 3.1
25 0 0 0 0.2 0 0.2 0.2 0.8 0.1 0.5 0.1 0.7

Correspondingly, Figure 5 visualizes these tabular data exemplarily for critical thresh-
olds TTC < 1.75 s and MDRAC > 3.4 m/s? in a normalized heatmap. We observe rather
dissimilar coloring comparing both heatmaps, which makes it hard to clearly identity
trends, particularly across traffic composition. For that reason, as proposed in Section 3.3,
we present additional heatmaps that are detached from specific criticality thresholds and
that aim to constitute more coherent results across both metrics. The heatmaps in Figure 6
provide more subtle insight into the distribution for increased TTC and MDRAC rates.
Firstly, we observe reasonably matching coloring between both heatmaps: TTC vs. MDRAC.
Second, to check for plausibility, we would expect for Mix 0 (which has no AVs in the
fleet mix) to show no differences between the results, which the minimum light-green
coloring in the heatmaps confirms. Similar coloring is to be found for v/c ratios with
lower demands, i.e., 25-40%, displaying no noteworthy differences. Third, maximum
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values appear on capacity limit in Mixes 2 and 4, as opposed to Figure 6, which shows
Mixes 4 and 5 at maximum. Fourth, slightly more pronounced highlighting of MDRAC
events—particularly for Mix 4/85% and Mix 5/100% but also seen as moderately darker
colors for medium-demand levels—can be observed. This accentuation compared to the
TTC coloring might hint at stronger sensitivity for the MDRAC versus the TTC.

Table 6. Comparison of critical MDRACs/hour for Level 3 scenario with v/c ratio range
from [25-100%] for traffic Mixes 0-6. The critical thresholds chosen for the measurements are:
MDRAC > 3.4m/s* and MDRAC > 3.00 m/s?. Note that for all parameter combinations in the
Base scenario, no critical events were detected.

Traffic Mix
Mix 1 Mix 2 Mix 3 Mix 4 Mix 5
>3.40 >3.00 >3.40 >3.00 >3.40 >3.00 >3.40 >3.00 >3.40 >3.00 >3.40 >3.00
. 1oo 0 0 3.3 5.1 3.8 5.7 6.5 7.8 6.0 8.9 7.1 8.9
L 8 0 0 2.5 34 2.6 3.4 4.0 4.8 3.7 4.7 2.8 3.6
= 70 0 0 1.7 2.2 2.1 2.8 3.6 41 44 5.3 2.6 3.2
E 55 0 0 1.2 1.5 0.6 1.0 1.7 1.9 2.1 2.8 1.3 1.7
\: 40 0 0 0.2 0.4 0.2 0.3 1.1 1.5 0.7 0.8 1.0 1.2
25 0 0 0.1 0.1 0 0 0.1 0.1 0.1 0.1 0.3 0.3

Nevertheless, the results seem to indicate adverse safety implications close to the
maximum v/c ratio starting with traffic Mix 1 for both SSMs. Overall, these heatmaps
showecase, from our point of view, more consistent trends regarding safety impacts of
ToCs across the stated parameter combinations of demand/traffic mix than the threshold-
based results alone could do (cf. Tables 5 and 6). (We conducted additional simulations
with a similar use case that mandates a different speed limitation (80 km/h) for a Level 3
automated system. In this case, the network speed limit allowed speeds up to 130 km/h in
the second road section. The overall trends shown in Figure 6 remain about the same for
such a use case, even though the absolute numbers are lower due to considerably different
capacities, which also lead to varying interactions between vehicles).
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Figure 5. Heatmaps for SSMs TTC (panel (a)) and MDRAC (panel (b)) across v/c ratios and traf-
fic mixes for critical thresholds TTC < 1.75 s and MDRAC > 3.4 m/s? and normalized to respective
maximum values.
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Figure 6. Heatmaps for SSMs TTC (panel (a)) and MDRAC (panel (b)) across v/c ratios and traf-
fic mixes and normalized to respective maximum of the difference between the surface integrals of
the histograms.

4.2. Open Gap Prediction

As previously discussed in Section 3.1, we acknowledged that the ToC model in
SUMO is intentionally designed and parameterized to actively increase the gap to its
leading vehicle during the preparatory ToC phase. This design objective is aimed at
ensuring a safe gap when the human driver takes back control. Considering that in this
use case the automated Level 3 operation is only allowed to go up to 60 km/h before a
ToC is mandated, numerous hypothetical factors could be listed on why traffic is moving
below this threshold, e.g., speed limits, construction sites, accidents, weather conditions,
infrastructure limitations, or high traffic density, to name a few.

Hence, when the factors causing the traffic slowdown subside and overall traffic
conditions permit higher driving speeds, a Level 3 automated system could potentially
anticipate the acceleration of the vehicle ahead. As a result, this assumption about sur-
rounding traffic’s acceleration would enable the AV, during a ToC preparation phase, to
wait for the gap to naturally increase by maintaining its current speed—without the need
for active deceleration—while the preceding vehicle accelerates. This mechanism may
temporarily deviate from the minimum safe gap assumption of the ACC model for a few
seconds until the gap becomes sufficiently large. Assuming that a Level 3 AV can accurately
predict the behavior of the leading vehicle over a short time span, this approach might be
considered an acceptable risk. It is important to note that current ACC systems permit
users to manually set a desired minimum gap below a safe distance level. However, this
is because human drivers are expected to continuously monitor the traffic situation and
be prepared to regain control immediately (cf. SAE levels 1 and 2, Figure 1). In contrast,
Level 3 automated systems must be capable of autonomously monitoring surrounding
traffic conditions and reliably predicting a safe driving status within their ODD conditions.
(A typical approach often discussed in research to have better predictability is the deploy-
ment of vehicle-to-vehicle communication (V2V), which is not in the scope of this work.
Although, SUMO provides a respective CACC vehicle model, we keep the ACC model
throughout our simulations for coherent comparability across the use cases.)

Therefore, to investigate potential benefits to the traffic flow presuming the discussed
advanced Level 3 capabilities, we define another use case for which we perform reruns of
the previous simulations but with different parametrization for the ToC model’s preparation
phase. The scenario is denoted as OG for the following evaluation. It is important to clarify
that we do not explicitly model the advanced predictive capabilities of an AV in SUMO
directly. Instead, we emulate the AV’s predictive mechanism by adjusting the ToC model’s
parametrization. Specifically, the maximum deceleration during the headway adaption is
set to ogMaxDecel = 0m/s?, thereby preventing any deceleration during the preparatory
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ToC phase. This approach aligns with our assessment since none of our vehicle models or
individual vehicles in the scenario configurations are determined to engage in unpredictable
or abrupt braking maneuvers.

In line with our previous evaluation, Figure 7 presents heatmaps for both safety
metrics. In order to compare the new open gap effects with the main use case results, we
kept the coloring scale from Figure 6. Consequently, when observing the uniform light-
green coloring of both heatmaps, it becomes evident that all detrimental control transition
effects vanish completely compared to the main use case. Although this use case here
represents a simplified version of the discussed predictive mechanism, the results highlight
the potential of advanced Level 3 automation that not only accounts for individual safety
but also the effects on overall traffic as long as it adheres to the criteria set by UNECE
regulations to ensure safe control transitions. In our assessment, this requirement poses a
significant technical challenge from an engineering and manufacturer perspective, making
it a crucial topic for future research and real-world testing in the context of high-level
automated driving.
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Figure 7. Heatmaps for SSMs TTC (panel (a)) and MDRAC (panel (b)) across v/c ratios and traf-
fic mixes: use case without deceleration during the preparatory ToC phase, which actively opens gap
to leading vehicle; normalized to respective maximum of the difference between the surface integrals
of the histograms from Figure 6.

4.3. String Stability

One aspect about deploying the ACC model as a proxy for Level 3 automated driv-
ing in SUMO that has not been discussed yet is the issue of string stability vs. instability.
Although [59] discusses the possibility of parameterizing their originally proposed ACC
controller for string stability, they presented calibrated gain factors (k; = 0.23 s~2 and
ky = 0.07 s7!) based on real-world experimental data. Notably, these gain factors re-
sulted in unstable ACC string behavior (cf. [59] Figure 12). As shown in Figure 8, we
conducted simulations in SUMO to replicate the driving maneuvers from the experiments
presented in [59]. The speed oscillations of the subsequent vehicles clearly illustrate the
string instabilities for the ACC model when parameterized with the previously stated
control gains.
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Figure 8. String instabilities of the ACC model as presented in ([59] Figure 12), re-simulated with
SUMO (modes (iii) and (iv) deactivated).

In order to ensure a stable controller, [60] presented a modified ACC model with
additional driving modes: adding a gain factor kg = 0.4 s! for a speed control mode
plus a new mode called ‘gap-closing’, which tunes the gain factors k; and k; to 0.04 s~2
and 0.8 s~1. SUMO’s implementation of the ACC model is based on this paper, but the
model is extended with another fourth mode based on [47]. This mode is named the
‘collision-avoidance’ mode, and it tunes the gain factors to k; = 0.23 s2and k, = 0.8s L.
All these modes and tuned gain factors aim to ensure that the ACC vehicle can brake hard
enough to avoid collisions and therefore provide a crash-free simulation while resulting in
a string-stable ACC parametrization.

However, other studies such as as [61,62] are based on experimental campaigns
with ACC-equipped, commercial vehicles currently deployed to the customer market and
demonstrate string instabilities in vehicle platoons. As the traffic compositions utilized in
this work contain increasing AV shares, we would also expect a ToC-related safety impact
in the presence of string unstable behavior. Therefore, in order to investigate potential
detrimental ToC-related effects in string unstable traffic flow conditions, we conducted
reruns of the main use case, deploying the parametrization scheme for string unstable ACC
behavior, as depicted in Figure 8. Accordingly, Table 7 shows the updated measured lane
capacities for this parametrization. (Considering the numerous collisions observed in these
simulations, it is likely that the actual capacities are lower, but nonetheless, we assess those
numbers as an adequate approximation. The differences in capacity between both scenarios
cannot be discerned without more compartmentalized measurement because the strong
string instability effects of the ACC model obscure the underlying ToC effects.)

Table 7. Measured lane capacity c (veh/hour) per traffic mix in SUMO for both scenarios with string
unstable ACC parametrization.

Traffic Mix
Mix 0 Mix 1 Mix 2 Mix 3 Mix 4 Mix 5
Base 1700 1600 1550 1500 1450 1450
Level 3 1700 1600 1550 1500 1450 1450

Consistent with our proposed evaluation method, we created heatmaps for both SSMs
(cf. Figure 9). For comparison, the coloring is normalized to the notably lower scale of
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Figure 6. The black tiles highlight the data points (which are, as a reminder, the difference
between the surface integrals of the histograms) that exceed the data from the main use
case discussed in Section 4.1. We observe a significant spike in TTC and MDRAC events
with increasing demand and AV shares: essentially for all mixes from Mix 1 to Mix 5 and
v/c ratios greater than 40%. Although there is a notable difference between the absolute
values between both SSMs when comparing these heatmaps, the overall trend towards
higher demands and AV shares persist. Again, as noted before in Section 4.1, the MDRAC
metric seems to be more sensitive to escalating safety events. Overall, we think this use case
vividly demonstrates potential adverse ToC effects for unstable ACC controllers that may
need to be carefully addressed in mixed-autonomy scenarios presuming Level 3 systems
will reach significant market penetration under the considered regulations that mandate
speed limitations.
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Figure 9. Heatmaps for SSMs TTC (panel (a)) and MDRAC (panel (b)) across v/c ratios and traf-
fic mixes: use case with string unstable ACC model parametrization; normalized to respective
maximum of the difference between the surface integrals of the histograms from Figure 6.

4.4. Limitations of the Study

However, we want discuss various limitations of the study concerning the interpreta-
tion of the presented results.

4.4.1. Validation

As previously mentioned, SSM-based evaluations in traffic simulations often suffer
from insufficient calibration to real-world data. Likewise, traditional count-based SSM
analyses that employ specific thresholds to distinguish critical from non-critical events
lack proper validation within microscopic traffic simulations like SUMO. Considering the
limited deployment of Level 3 automated driving systems in the market, data are scarce
due to manufacturers in a competitive customer market tending to withhold detailed
information about automated driving operations, including parametrization schemes for
ToC procedures. Unfortunately, this issue appears to be difficult to address in the short
term. Yet, a promising option for better calibration, at least for SUMO’s current ACC model,
is the database OpenACC described by [63], which provides large experimental datasets
on state-of-the-art Level 2 systems.

4.4.2. Safety Metrics

Our analysis relies on SSMs that are suitable for identifying safe longitudinal distances
or time gaps, i.e., the TTC and the MDRAC. These SSMs have their limitations, particularly
in terms of expressiveness, as they assume constant speed or deceleration. The TTC, e.g.,
is often inherited in modified metrics to account for such deficiencies. On the other hand,
the MDRAC incorporates the PRT to address human response delays. However, we lack
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information about a sensitivity analysis for a feasible distribution of PRTs calibrated for a
microscopic simulation like SUMO. Another aspect that we have not yet discussed is the
interdependency between longitudinal and lateral traffic effects. Increased longitudinal
dynamics resulting from ToCs could potentially lead to increased lateral maneuvering by
following vehicles. Measuring diverging lane change rates may provide further insights
into ToC-related safety effects.

4.4.3. Quantification

By evaluating safety effects based on SSMs as TTC or MDRAC, we find it hard
to quantify the potential increase or decrease in traffic safety compared to other, more
conclusive indicators such as, e.g., definite collisions. This is again due to the limited
validity of such safety measures in simulations without calibration to real-world data. Even
though our findings indicate safety-related effects of ToCs, we cannot say anything about
the severity of these impacts without assessing the results further, e.g., with the help of an
energy-based SSM as in the previously mentioned extended delta-V [39]. Another limiting
aspect we want to mention might be that the selected SSMs do not account for possible
speed dependencies. Their expressiveness might also depend on individual vehicle types
(cf. MVs, AVs, HGVs, and LGVs), which we did not factor in.

4.4.4. Modeling

We previously discussed certain aspects of ACC parametrization in relation to evalu-
ating ToC implications in Section 4.3. In a broader context, we do not consider the ACC
model to be an ideal proxy for simulating Level 3 automated systems. This is because
the ACC model was originally developed to emulate a Level 2 adaptive cruise controller.
Level 3 systems are expected to exhibit different gap control and gap-closing behavior due
to distinct safety criteria outlined in the SAE levels for automated driving (cf. OEDRs,
Figure 1 and [5]). A driver model worth considering might be the fuzzy logic model called
‘FSM’ that has been successfully proposed by [64] to be included to the current Regula-
tion 157 for evaluating safety performance of the relevant critical scenarios. Regarding
the parametrization of the ToC model, we acknowledge that the current model does not
account for situationally variable lead times. Such variability could be attributed to a
performant Level 3 system that can adjust its lead time based on current traffic conditions.
Also, the distribution of human takeover times in Level 3 systems is an ongoing research
topic, and our approach could be improved with better tailoring of the distribution form to
suitable experimental data.

5. Conclusions

With consideration of an operational speed limitation up to 60 km/h as stated for
today’s approved Level 3 automated driving systems, we conducted a comprehensive
simulation study comprising three different use cases to investigate potential safety im-
plications of ToCs. Each use case demonstrates fundamental mechanisms and effects of
control transitions in traffic flow, with the premise being that ToCs are mandatory in those
circumstances. In our simulations, distinct parametrizations regarding ToC and ACC
modeling serve as proxies for various considerations of what we believe to be potentially
influential factors in future Level 3 capabilities. This research aims to address safety-critical
aspects of Level 3 automated driving, including control transitions with the help of SSMs
(TTC and MDRAC) in a field with limited large-scale data from real-world testing due to
negligible market penetration of Level 3 systems thus far. The results can be summarized
as follows.

(1) The main use case presents traditional threshold-based SSM results that may
indicate adverse safety effects of ToCs for high demands and increasing AV shares, but clear
trends remain inconclusive since both metrics diverge across the parameter combinations
of v/c ratio and traffic mix. Our proposed analysis based on histogram data provides more
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coherent trends for both SSMs that hint at potentially detrimental ToC impacts starting
with AV shares of 20% and v/c ratios > 70%.

(2) When considering advanced capabilities of Level 3 systems to perceive and predict
the disintegration of continuous operation within an ODD under accelerating traffic condi-
tions, we emulated these capabilities with an anticipatory ToC preparation phase that does
not actively increase its gap distance to a preceding vehicle. Our results show that adverse
safety effects completely dissipate under such a premise.

(3) Considering that nowadays deployed ACC controllers in automated driving sys-
tems might induce string instabilities in traffic flow for higher market penetrations rates, we
reran simulations with a string unstable parametrization scheme for AVs. The results show
significant spikes in TTC and MDRAC events for mixes > Mix 1 and v/c ratios > 40%,
indicating negative safety impacts due to ToCs in heterogeneous traffic conditions.

(4) In Section 4.4, we address several limitations of our study. The primary limitations
stem from the lack of validation due to limited real-world data and calibrated simulations,
as well as potential shortcomings in vehicle and ToC modeling for Level 3 automation.
These factors collectively reduce the generalizability of our findings.

Our study is mainly based on a simple, decentralized approach to address this par-
ticular occurrence of control transitions. Smarter solutions are possible and should be
deployed. At least two come to mind: (i) the vehicle may issue a ToR when still within the
ODD so that the ToC can take place just at the end of the ODD (if this is known in advance
by the vehicle), or (ii) traffic management in combination with vehicle-to-infrastructure
communication (V2I) can provide an optimal schedule for AVs to performs their ToCs at
specific times and positions. Our previous study [34] considered some of those aspects,
especially with the objective to maintain automated driving as long as possible. Clearly,
such management considerations could also apply in terms of traffic safety, but these were
not specifically addressed in this work.

Finally, it is essential to emphasize that the use case presented in this study focuses
solely on limited Level 3 operations up to 60 km/h, which was motivated by system
approvals in accordance with UNECE regulations from 2021. The safety implications
addressed in our analysis pertain to mandatory control transitions in accelerating dy-
namic traffic conditions, thus amplifying adverse ToC effects in such heterogeneous mixed-
autonomy traffic conditions. The duration for which these potential safety implications
will persist and realistically materialize in real traffic with higher AV shares remains chal-
lenging to predict from our perspective. A certification of Level 3 systems up to 130 km/h
will supposedly come in a few years ahead, as UN Regulation 157 has been amended in
2023 [7]. However, it should be acknowledged that the requirements for automation to
reliably ensure a safe control transition at such high speeds are significantly more chal-
lenging to achieve. Previous simulation studies have already indicated potential safety
risks on high-speed motorways. Nevertheless, we believe that further research is impera-
tive to comprehensively assess the safety implications of control transitions in large-scale,
mixed-autonomy traffic.
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Abbreviations

The following abbreviations are used in this manuscript:

AV Automated Vehicle

ACC Adaptive Cruise Control

ALKS Automated Lane Keeping System
HGV Heavy Goods Vehicle

LGV Light Goods Vehicle

MDRAC Modified Deceleration Rate to Avoid Crash
MRM Minimum Risk Maneuver

MV Manual Vehicle

ODD Operational Design Domain

SSM Surrogate Safety Measure

ToC Transition of Control

ToR Take-over Request

TTC Time-to-Collision
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Scope and Contribution of Paper III

As Papers I and II already touch on capacity-related effects without precise quantifi-
cation, the third paper quantifies capacity limits across ToC scenarios with increasing
AV shares on a two-lane motorway to address RQ 3. It further examines the mecha-
nisms behind these capacity reductions using simplified numerical experiments that
isolate the impact of the ToC preparation phase. First, a baseline SUMO scenario
is calibrated to real-world detector data, then four scenarios are contrasted (no
ToCs; unmanaged ToCs; coordinated ToC management; unmanaged ToCs “right-
most957?). Subsequently, capacity estimators based on platoon experiments are
compared against estimators using fixed headway assumptions for Level 3 AVs. The
principal mechanism identified in these numerical experiments is an increase in peak
time headways during quasi-synchronous ToCs; estimator variants that embed these
peaks reproduce the overall trend better than fixed-headway assumptions.

Results from the simulation study show substantial capacity losses that increase
with Level 3 share when ToCs are unmanaged. Coordinated TM upstream of the
No-AD zone mitigates these losses, whereas the “rightmost95” case exacerbates them.
Paper III consolidates earlier findings, showing that traffic efficiency deteriorates
alongside ToC-induced capacity reductions and that the tested countermeasures do
not restore baseline capacity, answering RQ) 3 by quantifying the constraint and its
limited recoverability !°. It concludes by contrasting these results with optimistic
claims in the literature regarding capacity gains from Level 3 or 4 AVs. Section 4.3
discusses these outcomes further with additional analyses of time headway and

lane-change data.

9This scenario emulates the concept of the latest Level 3 version of Mercedes-Benz’s Drive Pilot,
operating up to 95km/h in the rightmost lane without overtaking in car-following.

10 Additionally, Section 4.2 reports SSM results from this simulation study, which were not
included in the published paper, indicating detrimental safety impacts in mid-range AV shares.
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3 Publications

Minor correction note:

The text in the second paragraph of section 3.1 of this paper states a time range
from 2015 — 2022 regarding Figure 4b. The panels in this referenced subfigure show
more recent plots from 2017 — 2024 though.
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Traffic capacity constraints from
level 3 control transitions

Robert Alms ® ** and Peter Wagner ® ?

!nstitute of Transportation Systems, German Aerospace Center (DLR), Berlin, Germany, Institute of Land
and Sea Transport Systems, TU Berlin, Berlin, Germany

With the increasing integration of conditionally automated Level 3 systems into
real-world traffic, concerns about their impact on traffic efficiency and capacity
have emerged. When such systems reach their operational limits, mandatory
control transitions could disrupt traffic flow and reduce overall capacity. This
study employs large-scale simulations and numerical experiments to analyze
these effects and quantify potential capacity constraints. The results of the two-
lane highway scenario show an experimental capacity reduction of up to
2000 veh/h in an almost fully automated but unmanaged traffic mix,
corresponding to a loss of about 60%. Control transition-related effects
become increasingly pronounced at a Level 3 penetration rate between 10%
and 20%. Estimated capacity reductions suggest that the maxima in time
headway increments during the transition phase contribute most to these effects.

KEYWORDS

automated vehicles (AVs), level 3 automation, mixed-autonomy traffic, traffic capacity,
transition of control (ToC)

1 Introduction

As manufacturers begin to introduce Level 3 automated driving systems to the market,
the potential impact of such systems on overall traffic flow and capacity needs to be
investigated. A key challenge arises from the fact that Level 3 systems require human drivers
to take over control when reaching system limits, leading to so-called transitions of control
(ToC), which may disrupt traffic flow and reduce road capacity. Despite regulatory
advancements concerning Level 3 systems (R157 by UNECE (2023)), the macroscopic
impact of such procedural ToC effects on traffic conditions remains insufficiently explored.
This raises the general question of how Level 3 control transitions in conditionally
automated vehicles (AVs) affect traffic capacity and, more specifically, what
characteristics of procedural ToC-induced time headway increments in vehicle strings
contribute to this effect. To investigate this, we conduct a large-scale simulation-based
analysis and complement it with simplified numerical experiments to estimate macroscopic
capacity impacts. Our study also explores the underlying mechanisms of the transition
phase in greater detail. Existing research on potential capacity gains from AVs, as
exemplified by Friedrich (2016) and Park et al. (2021), has primarily focused on
higher automation levels (4-5) under optimistic assumptions of short time headways,
e.g., Tay = 0.5 s, in contrast to observed headways in manually driven vehicles of at least
1 s in freeway traffic, depending on vehicle speed, as shown by Wagner (2012). Our
previous work in Alms et al. (2022) and Alms and Wagner (2024) touched on ToC-related
capacity effects but lacked a comprehensive quantification of resulting capacity losses. This
study addresses these gaps by (i) adopting a macroscopic perspective using realistic, R157-
compliant time headways of 74y = 1.6 s, and (ii) introducing an exploratory estimation
approach that explicitly accounts for Level 3 disengagements in road capacity assessment.
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SAE SAE SAE
LEVEL 0" LEVEL 1" § LEVEL

You are driving whenever these driver support features
are engaged - even if your feet are off the pedals and
you are not steering

SAE SAE
LEVEL 4" | LEVEL 5"

You are not driving when these automated driving
features are engaged - even if you are seated in
“the driver’s seat”

These automated driving features
will not require you to take
over driving

You must constantly supervise these support features; When the feature

you must steer, brake or accelerate as needed to reques
maintain safety

you must drive

FIGURE 1
Excerpt from Shuttleworth (2019)’s illustration of the SAE Levels

of Driving Automation (SAE International, 2021), with Level
3 highlighted by a purple frame.

The rest of the paper is organized as follows: Section 2 introduces
the conceptual aspects of ToCs in Level 3 automated systems. In
Section 3, we present a highway scenario calibration based on real-
world detector data. Section 4 details our methodology for
investigating ToC-related capacity effects in a simulation study,
while Section 5 presents and discusses our results, comparing
simulated and estimated capacity reductions. Lastly, Section 6
offers our perspective on the interpretation and limitations of
this study.

2 Transitions of control in
level 3 automated driving

The six levels of driving automation, defined by SAE International
(2021), not only classify automated driving functions and capabilities
but also specify the human driver’s role in terms of engagement and
responsibility, as illustrated in Figure 1. Conditional automated driving
(Level 3, highlighted with a purple frame in Figure 1) represents a
fundamental shift toward automated vehicle operation within defined
Operational Design Domains (ODD), specified in British Standards
Institution (2020), allowing human drivers to disengage from the
primary driving task. However, if the Level 3 system requires the
driver to resume control, a takeover request (ToR) is issued, initiating a
critical transfer of authority: these procedures are referred to as
transitions of control (ToC, plural: ToCs). Detailed insights into
various aspects of ToCs are available through a comprehensive
literature review on takeovers in automated driving (McDonald
et al, 2019). Further studies examine the intricacies of modeling
human factors, such as situational awareness and task demand
(Van Lint and Calvert, 2018; Calvert and van Arem, 2020), or
reduced driver performance (Wang et al., 2025b), during ToCs.

The current regulations R157 from UNECE (2023) specify
technical requirements for the certification of Level 3 Automated
Lane Keeping Systems (ALKS) and set the time range Tie,q to 10s
before a failed transition escalates to a minimum risk maneuver
(MRM), which is critical for the process of control transitions.
Within the context of the EC project (TransAID, 2021; Liicken
et al., 2019; Mintsis et al., 2019) introduced a novel ToC model,
which is fully parametrizable to align with these later-established
UNECE specifications and for which a detailed description of the
model’s implementation is provided. The operationalization of
ToCs is further specified in the ongoing EC project Hi-Drive
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(a) Successful Transition
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(b) Failed Transition
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& ToR | o~ Tieaa /ﬁ
» ' I
: | '

Automated Mode Manual Mode

Prep ToC Phase Normal Operation

Time (sec)

FIGURE 2

ToC model operation modes illustrated in a representative
speed-time diagram for: (a) successful transition and (b) failed
transition.

(Bolovinou et al., 2023; Sauvaget et al.,, 2023) and demonstrated
in Schulte-Tigges et al. (2023).

Figure 2 illustrates the basic mechanisms of the ToC model for
successful and failed control transitions implemented in the
microscopic traffic simulation SUMO (Alvarez Lopez et al,
2018). After a ToR, the AV enters a preparatory phase
characterized by headway enlargement and disabled
changing. Automated driving continues for the limited lead time,
after which either the driver resumes control in time (successful
transition), or, if not, the AV initiates an MRM (failed transition).
For failed transitions, the AV initiates a phase of constant
deceleration and may come to a full stop if the human driver

lane

does not respond. Although such events are rare, they can have a
high impact and are the subject of extensive safety investigations
based on disengagement reports (e.g., (Ward, 2024; Kohanpour
et al., 2025)). However, this aspect is not the focus of the present
work. In the case of a successful transition, the driver state model
accounts for a phase of reduced human driving performance, with
recent studies gaining further insights into both post-ToC durations
(Wang et al, 2025a) and potential negative impacts on traffic
stability (Wang et al., 2024).

In Maerivoet et al. (2019) and Liicken et al. (2019) principal
transition phase effects of consecutive, quasi-synchronous ToCs in a
platoon of Level 3 automated vehicles were previously
demonstrated. Figure 3a, which depicts speed and time headways
for a string of five AVs disengaging at the same location, illustrates
this effect in a simplified simulation experiment with identical
vehicle parametrization. The increased time headways, and
consequently the cumulative speed reduction, are caused by the
preparatory headway increment of the vehicle automation to
facilitate a safe takeover (cf. Figure 2, Prep ToC Phase). Figure 3b
extends this analysis by showing acceleration profiles for a larger
platoon of up to 32 vehicles—the maximum size at which the last AV
still manages to prevent a complete stop—using SUMO’s ACC
model for AVs, based on Xiao et al. (2017). The main observed
effects in the vehicle decelerations include:

o With a moderate default deceleration of 1 m/s* during the 10
transition phase specified by R157, maintaining safe gaps in
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FIGURE 3
Platoon simulations with consecutive ToCs performed at a fixed location. (a) shows speed and time headway profiles for a short platoon with five

AVs, illustrating the headway increment effect. (b) depicts acceleration profiles for a platoon of 32 AVs, showing an escalating headway increment effect
with SUMO's ACC model.

AV platoons is not feasible without initiating deceleration These numerical experiments are highly simplified due to
earlier. Panel (b-2) in Figure 3b illustrates that, starting with  identical vehicle parametrizations, yet they effectively illustrate
the first vehicle behind AV.1 (dark blue line), SUMO’s gap ~ the isolated ToC effects discussed. Given the cumulative
controller begins to decelerate even before the respective  deceleration patterns observed, we expect that ToC-induced
vehicles receive ToRs to initiate their ToC. disturbances may lead to noticeable reductions in traffic capacity.
Starting with AV.20, the following vehicles must decelerate ~ To examine whether these effects also manifest under more realistic
more aggressively than their target deceleration of 1m/s®.  traffic flow conditions, we calibrate a SUMO simulation scenario to
Panel (b-3) in Figure 3b highlights these deceleration  detector data in Section 3.

overshoots for AV.24-28. These overshoots are specific to

the ACC model, while similar experiments employing

SUMO’s default model do not exhibit this behavior. 3 Calibrating SUMO for a hlghway
However, that model compensates by initiating traffic scenario

deceleration even earlier than the ACC model. The

principal accumulation effect of consecutive ToCs remains To analyze the impact of ToCs on traffic capacity, we use real-
present in both cases. world detector data from a German highway west of Berlin as a
Frontiers in Future Transportation 03 frontiersin.org
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reference for SUMO calibration. The following sections detail the
dataset and simulation setup.

3.1 AVUS detector data

Figure 4a shows a section of the Bundesautobahn A115, referred
to as AVUS, which was occasionally used as a motor racing track in
the past and is a highly frequented highway with up to 80.000 vehicles
per day. We hypothesize a potential ODD zone for Level 3 automated
driving in the inbound segment of the road (cf. Figure 4a, panel (a)),
which is a two-lane highway with speed limits of 80 km/h starting at
an interchange section and increasing to 100 km/h up to the next
traffic exit, that is located nearly 5km downstream. The inbound
traffic data on the two-lane section come from a detector at an
underpass (cf. Figure 4a, panel (c)). After this point, the road has a
slight slope for a few hundred meters, but the exact gradient could not
be verified. A ramp merges onto the main edge about 600m
downstream, from where the speed limit increases to 100 km/h.

Figure 4b displays speed—flow relations for several years of the
AVUS between 2015 and 2022, as scatterplots based on data from
Digitale Plattform Stadtverkehr Berlin (2024). These data are
originally tagged as hourly flows with corresponding average
speeds per hour, but we suspect that this is not accurate. While
the number of vehicles is accumulated over a full hour, the high
variations in speeds at lower flow rates suggest that these data points
from the detector database might actually represent speed averages
over intervals of 1 minute or less. We were unable to verify this
suspicion directly with the publisher of the data, but we argue that the
actual speed value recorded in the database is likely the last entry of a
full hour — possibly for efficiency and memory-saving reasons in data
processing — rather than the average speed over the entire hour. This
ultimately results in a notably wider distribution of speed values at
lower flow rates than expected for true hourly data. For reference, we
also added the model fit developed by Van Aerde (1995) to each plot.

Table 1 lists the yearly maximum flows g, the 95" and 99"
percentiles as suggested by Brilon and Geistefeldt (2010), and the
deterministic capacity derived from the van Aerde model, as well as
the corresponding shares for heavy good vehicles (HGVs) extracted
from the raw detector data between 2016 and 2024. Additionally,
data provided by the BASt (2025) from a detector downstream of the
AVUS at “Eichkamp” are also included in the table for comparison
(cf. Figure 4a, panel (b)). Note that 2024 shows an oddly high HGV
share, which we consider very unlikely and attribute to recent
technical changes in sensor-based detection and data processing
by the provider. The report from BASt (2021) stated a nationwide
HGV share of 18.1% in 2021 on Germany’s highways.

3.2 Simulation setup for calibration

To investigate the impacts of ToCs in mixed-autonomy traffic,
we compose a traffic mix of four different vehicle types: automated
passenger vehicles (AVs), manual passenger vehicles (MVs), light
goods vehicles (LGVs), and heavy goods vehicles (HGVs). The most
relevant parameters for a heterogeneous traffic behavior in this
AVUS highway scenario are visualized in Figure 5. Instead of
utilizing SUMO’s default parameters, vehicle type specific
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FIGURE 4

Overview of the AVUS scenario. (a) OpenStreetMap view of the
AVUS highway with a potential 5 km ODD zone on the two-lane
inbound edge highlighted in purple. Zoom displays show traffic
detector locations, marked with blue in subpanels (b) and (c).
Purple arrows indicate the inbound traffic direction. (b) Speed-flow
scatterplots of yearly AVUS detector data for inbound traffic from
detector "TE002".

distributions were deployed. Table 2 presents the full
parametrization scheme for all vehicle types.

In principle, SUMO?’s vehicle insertion capacity exceeds that of
comparable real-world traffic scenarios. Therefore, we aim to calibrate
the simulation primarily to match the maximum flow g in relation to
the real-word AVUS data. Besides the general vehicle parametrization,
two insertion properties in SUMO heavily effect the overall capacity of
a simulation, i.e., the vehicle speed at insertion departSpeed and
lane choice at insertion departLane. We kept these parameters
unchanged for all simulations in the paper. The most important

capacity related SUMO options are defined as follows:

e departSpeed = max
e departLane = random (AV,MV,LGV)
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TABLE 1 Yearly flow metrics and HGV shares for AVUS inbound traffic.

10.3389/ffutr.2025.1600739

Year 2016 2017 2018 2019 2020 2021 2022 2023 2024
Max q 3,477 3,472 3,497 3,447 3,528 3,226 3,284 3,396 3,763
99%ile 3,212 3,155 3,116 3,142 3,104 2,865 2,837 2,943 3,018
95%ile 2,818 2,751 2,708 2,766 2,677 2,434 2,530 2,514 2,541
van Aerde cp 3,070 3,011 3,013 2,915 2,971 2,687 2,622 2,733 2,766
raw HGV (%) 5.94 5.74 5.92 5.55 5.60 4.91 6.37 7.72 *28.46
BASt HGV (%) 6.51 7.21 7.25 6.81 7.24 7.56 7.05 — —
*Qutlier value; see main text for discussion
T
' 0.4}
0.2}
' 0.0 .
0 1 2 3 4 5 0 1 2 3 4 5 6

Deceleration [m/s?]

: ; al e 7
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> § - Lev
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FIGURE 5

Distributions of the main parameters for different vehicle types. SUMO's default is indicated by the black dashed line.

e departLane = right (HGV)
e extrapolate-departpos = true
e step-length=0.1s

3.3 Calibration including ramp flow

In the first step, we ran simulations with increasing demand
using MVs only. To better capture the full spectrum of the
fundamental diagram in SUMO, we introduced additional vehicle
flow on the incoming ramp. This creates a merging scenario, leading
to traffic breakdown upstream of the main edge’s detector position.
Figure 6 shows the speed-flow relations as scatterplots for (i) real-
world detector data from 2024, (ii) SUMO’s default parametrization,
and (iii) the aggregated main edge data from the final calibration.
The graphic also color-codes the demand intensities from the on-
ramp and highlights the maximum g of the AVUS detector data
2024. For reference of the expected average speeds defined by the
german Highway Capacity Manual—referred to as HBS—in (FGSV,

Frontiers in Future Transportation

2015, Part A, Figure A3-10) for a two-lane highway (slope <2, speed
limit 80 km/h), a black solid line was added.
The key findings derived from Figure 6 are:

1. Comparing the dark gray SUMO default data with the light
gray detector data, we identify how far SUMO’s default exceeds
the actual maximum flow (about 700 vehicles surplus).

2. The calibrated main edge’s flow (blue-colored points) is notably
lower than SUMO’s default. Maximum flows (dark blue points)
are much closer to the real-data (about 130 vehicles difference)
compared to SUMO’s default (dark gray).

3. The overall speed-flow relation of the calibrated main edge
(blue) is slightly tilted toward higher speeds compared to
SUMO’s default (dark gray), and the speed gradient more in
line of the HBS expectation (black line).

4. The calibrated main edge’s traffic breakdown on the congested
side of the fundamental diagram (indicated by darker-colored
blue points) is much less pronounced than what is to be
expected from real-world data (see light gray scatter points).
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TABLE 2 Vehicle type definitions. “—" indicates not defined.
Parameter/Attribute MV LGV HGV AV
Car-following model Krauss Krauss Krauss ACC
sigma N (0.2,0.50), [0,1] N (0.1,0.20), [0.0,1.0] N (0.1,0.20), [0.0,1.0] —
tau N (1.0,0.50), [0.5,1.6] N (1.0,0.30), [0.7,1.6] N (1.2,0.50), [1.0,1.6] N (1.6,0.05), [1.5,1.7]
decel N (4.5,1.00), [2.5,5.5] N (4.5,1.00), [2.0,5.0] N (4.0,1.00), [2.0,5.0] N (3.0,1.00), [2.0,4.0]
accel N (2.0,1.00), [1.0,3.5] N (2.5,1.00), [1.0,3.5] N (2.0,1.00), [1.0,3.0] N (1.5,1.00), [0.75,2.0]
speedFactor N (1.1,0.20), [0.8,1.4] N (1.0,0.10), [0.9,1.1] N (1.0,0.10), [0.9,1.1] 1.0
IcAssertive N (1.3,0.40), [0.9,1.7] N(1.1,0.05), [1.0,1.1] N (1.0,0.05), [0.9,1.1] N(0.7,0.10), [0.6,0.8]
vClass Passenger Delivery Truck Passenger
length [m] 5.0 8.0 15.0 5.0
width [m] 1.8 2.0 24 1.8
actionStepLength [s] 0.1 0.1 0.1 0.1
maxSpeed [m/s] 55.56 27.78 25.0 55.56
speedDev 0 0 0 0.01
TOC model—moderate parametrization scheme
TOC device — — — true
manualType — — — MV
automatedType - — — AV
responseTime — — — N (7.0,2.50), [2,60]
initial Awareness — — — N (0.5,0.30), [0.1,1.0]
recoveryRate — — — N(0.2,0.10), [0.01,0.5]
mrmDecel — — — 3.0
ogNewSpaceHeadway — — — 10.0
ogNewTimeHeadway — — — 5.0
ogChangeRate — — — 1.0
ogMaxDecel — — — 1.0

The phenomenon described in point 4 is, in part, a limitation of
SUMO’s current modeling of cooperative lane-changing behavior
between neighboring lanes under traffic breakdown conditions.
Correspondingly, Figure 7 compares the lane-specific calibrated
flows in SUMO with real AVUS data from 2024. We clearly
identify the disparate speed levels between the lanes in SUMO
(bottom panel), whereas the real-world data (top panel) indicate
similar speed-flow relations on both lanes. Rummel (2017)
indirectly revealed this issue in his investigation but was unable
to unequivocally identify the lane-specific breakdowns as the
underlying cause of SUMO’s oversaturation compared to the
HBS predictions, nor did the report by Geistefeldt et al. (2017),
which ultimately disregarded SUMO in its analysis for this very
reason. While this limitation prevents a full replication of the real-
world dynamics, we proceed with the calibration of the scenario as a
basis for our analysis and will address this shortcoming in our
future work.

Frontiers in Future Transportation

3.4 Refining calibration by incorporating
HGV share

In a second step, based on the parametrization scheme plausibilised
for MVs in the ramp scenario (cf. Table 2), we conducted simulations
with different shares of HGVs, LGVs, and MVs, but without any ramp
flow. As a result, we can no longer reproduce the entire fundamental
diagram for this highway scenario, since SUMO’s flow does not
naturally lead to a traffic breakdown as observed in real-world
highway traffic. The reason we need to disregard the unstable part
of the fundamental diagram at this point is technical: SUMO does not
maintain precise LGV/HGV shares for vehicle insertions when
approaching maximum flow. Instead, the share of LGVs and HGVs
declines to zero until SUMO can only insert MVs when the traffic
breakdown at capacity is expected. This behavior stems partly from the
parametrization of LGVs and HGVs, such as their larger vehicle lengths
and time headways.

frontiersin.org

68



Alms and Wagner

Figure 8 shows the speed—flow relations for the main edge with
LGV/HGV shares of 0%, 5%, 10%, and 15% (LGV/HGYV distributed
as 2/3 vs. 1/3), compared to AVUS detector data from 2018. The key
findings are as follows:

1. The maximum flow with a 0% HGV share (purple-colored
scatter points) is almost the same as in the ramp case (cf.
Figure 6, purple markers), with a difference of about 50 veh/h.

2. The AVUS detector data from 2018 have an HGV share of 6%,
with a maximum flow of 3497 veh/h. The speed variation in the
detector data, particularly for lower demands, is very high,
which we attribute to factors discussed in Section 3.1.

3. The speed variations in all simulation results are relatively
large. This is expected, as we deliberately plotted only the
average speeds of the last 1-min interval of a full hour, which
we suspect is also the case for the real detector data. This
illustrates a plausible speed distribution from the calibrated
simulations compared to the detector data.

4. The color-coded flows at capacity decrease notably with
increasing HGV shares (decline by 260 to 410 veh/h).

Considering the relatively low deterministic capacities based on
the AVUS detector data stated in Table 1 compared to the expected
capacities from the HBS (range from 3,600 to 3900 veh/h) for this
highway type, we assess our SUMO calibration in terms of capacity
as follows:

e The maximum flow in the SUMO ramp scenario without
HGYV share consideration is 3907 veh/h. The 95th and 99th
percentile flows are 3853 veh/h and 3882 veh/h, respectively.
The van Aerde model estimates a maximum flow of
3665veh/h based on SUMO data.
significantly higher than the detector data but do not
account for HGV shares in SUMO.

e With HGV share consideration the maximum flows on the

These values are

stable arm of the fundamental diagram decrease notably
between 6.7 to 10.5% as illustrated in Figure 8.

Under the assumption that those percentages under HGV
consideration scale down proportionally in SUMO with the
stated
capacity

capacity numbers above, we obtain the following

deterministic ranges for  the calibrated

parametrization scheme:

e Max flow: 3497 — 3647 veh/h

e 95th percentile: 3449 — 3597 veh/h

o 99th percentile: 3475 — 3624 veh/h

e van Aerde model: 3281 — 3421 veh/h

Even though these capacities are still about 200 — 300 veh/h
larger than the detector numbers in Table 1, we consider this an
adequate calibration, particularly compared to SUMO’s default,
since the real-world detector flow data are overall lower
compared to the HBS range, which we identified to be between
3,600 and 3900 veh/h. Other local factors, such as road curvature,
slope, shoulder lane width, underpass length, or surface conditions,
which might impact the local capacity and could explain the rather
low detector-based flows, are unknown to us. While more detailed
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microscopic calibration using high-resolution trajectory data (e.g., as
in Schrader (2024) or Liu et al. (2024)) would be desirable, such data
were not available for this study.

4 Methodology to quantify capacity
effects of Togs

To determine ToC-related capacity impacts, we conduct a
simulation study with an increasing AV penetration rate and
measure the corresponding maximum flows q. Additionally, we
estimate the anticipated ToC-induced capacity reduction and later
compare these estimates with the measured results from the
simulation study.

4.1 Simulation experiment

1: Initialize:

2: low« 0, high « max demand
3: max_valid —-1

4. seeds « 12

5: threshold « seeds/2 =56
6: while Iow<high do

7 mid « (low+high)/2

8 Run simulation at demand mid for each seed

in seeds
9: Count valid and invalid results
10: if invalid results < threshold then
11: max_valid < mid
12: Increase low
13: Record maximum flow at detector for

valid results

14: else
15: Decrease high
16: end if

17: end while

18: Save max valid demand and corresponding

maximum flow

Algorithm 1. Binary search for maximum flow.

For the simulation study, we define a wide range of traffic
shares based on the vehicle types outlined in Table 2. The traffic
compositions feature increasing AV shares (AV00-AV85) in 10%
increments, with AV increases and MV decreases of equal size,
and a constant LGV/HGV share of 15% (split 2/3 LGV, 1/3 HGV).
Considering a hypothetical ODD zone on the AVUS inbound
highway, as illustrated in Figure 4a, AVs are assumed to be
capable of Level 3 automated driving at speeds of up to
100km/h until reaching the end of the ODD zone. Vehicles
enter the network in their respective driving mode at random
on one of the two lanes, except for HGV's, which are only inserted
on the right lane. They continue their trip until reaching the end of
the AVUS, near the detector position highlighted in Figure 4a,
panel (b). Four distinct scenarios are examined, differing in how
ToCs are facilitated:

1. No ToCs: Simulations without any ToCs.
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Calibrated SUMO main flows for ramp case, color-coded by demand intensity
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FIGURE 6

Speed-flow relations for the AVUS scenario, including ramp flow, comparing calibrated flows based on the parametrization scheme from Table 2
versus AVUS detector data from 2024, and SUMO's default. The main edge’s demand intensities are color-coded in blue. Ramp demand levels are coded

by marker size and style.

2. Unmanaged: Simulations with unmanaged ToCs at the end of
the ODD zone.

3. Managed: Simulations with ToCs managed by a ToC-dispatch
algorithm over the full length of the ODD zone.

4. Unmanaged “rightmost95”: Simulations with unmanaged
ToCs at the end of the ODD zone, emulating the concept of
the latest approved manufacturer system by Mercedes-Benz
Group (2024), operating up to 95km/h on the rightmost lane,
without overtaking.

with
7-distributions for MVs around 7,;y = 0.8s and 1.2s. In case 3,
we deploy the heuristic algorithm developed by Liicken et al. (2019).
The control algorithm basically emulates a V2X-based traffic
management scheme by dispatching ToRs to AVs
coordinated manner to mitigate the accumulation effect of
consecutive ToCs. For case 4, AVs are only inserted into the
simulation on the rightmost lane, overtaking is disabled, and
their speed is limited to 95km/h.

To measure the capacity per AV share as precisely as possible,

For cases 2-4, we additionally run simulations

in a

we run the AVUS scenario with 12 seeds per traffic mix, deploying a
binary search as illustrated in Algorithm 1. To ensure we obtain the
correct maximum flow, the results of each run must be checked
against the actual traffic share versus the expected share due to
SUMO’s insertion mechanism, as described in Section 3.4. The
binary search continues increasing the demand as long as valid
traffic shares are observed, until the maximum flow per simulation
run is reached.

Simulations run with a 30 min warm-up phase to populate the
scenario and then record data for a full hour of simulated time
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(SUMO version 1.22 from Alvarez Lopez et al. (2025)). A detector
near the end of the ODD zone records speed and flow to identify
potential traffic breakdowns and measures the maximum flow.
Figure 9 exemplarily shows spatiotemporal heatmaps of the ODD
zone for speed and flow. Figures 9A,B, result from the same demand
level and AV share—only the seed values, which determine the
randomization process of vehicle insertions, differ.

4.2 Estimating capacity reduction

Considering the minGap in SUMO as gmin, individual vehicle
lengths [;, type-specific 7;, and varying vehicle shares p;, the
theoretical lane capacity C at speed v is given by:

v

C=
Zipi ' (li + gmin) + VZ,—P:‘ * T

€Y

For the SUMO default minGap of 2.5m, a speed v = 100 km/h,
and the respective vehicle lengths and 7-values from Table 2, we
compute lane capacities across all traffic mixes. Assuming a constant
time headway 7; for each vehicle type, without considering ToCs, the
resulting capacities per mix are shown in Figure 10a. The results
demonstrate that as the 7-values for MVs increase (1py = 0.8's to
Tpy = 1.2's), while keeping fixed values for AVs (74y = 1.65), LGVs
(t1gv = 1.0s), and HGVs (tyugy = 1.2 ), the decline in maximum
capacity across traffic mixes becomes less pronounced. If MVs had the
same 7-value as AVs—in this case, 7oy = 1.6 s — the lane capacities
would remain stable, regardless of the increasing AV share.

To account for ToC effects in such estimations, we repeat the
simplified numerical experiment with the 32-vehicle platoon
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FIGURE 7

Lane-specific speed-flow relations for real data from 2024 (top panel) and SUMO's calibrated ramp scenario (bottom panel).

described in Section 2, this time varying the AV-MV share in 10%-
intervals between the two vehicle types. The top panel in Figure 11a
shows the time headway profiles for a 100% AV share,
corresponding to the acceleration profile discussed in Figure 3b.
The increasing headways for later-following AVs are clearly
identifiable. In the bottom panel (Figure 11b), which depicts a
50-50 share, the headway increase is far less pronounced
compared to the top panel.

Therefore, we introduce two additional estimators. In Equation
1, instead of using a fixed 74y = 1.6's, we derive 7; for each share p;
from the numerical experiments as follows:

e Max: The black markers in Figure 11 denote the maximum
time headway of each vehicle in the simulation run. The
average of these maximum values serves as 7; for each p;
in the estimator max.

e Mean: The point at which headways have stabilized after all
ToCs are completed is marked by the vertical blue dashed line
in Figure 11. Stabilization in this experiment is defined as the
latest point after all headway peaks at which all vehicles’
headways remain constant to within +0.005 s for at least
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15 s. The average of the time headways at this point serves as 7;
for each p; in the estimator mean.

With these estimator-based t-values, the original capacity
Equation 1 is adjusted by replacing the fixed headway term in
the denominator with vY,p;-7;(p;), where 7;(p;) is the
empirically derived time headway for AVs as a function of
their share p;, while other vehicle types retain fixed values. The
estimators max and mean provide these AV-specific headways
based on the numerical experiments. Figure 10b presents the
results of the calculations that account for ToCs by utilizing these
estimators. Both trends exhibit a notable decline in estimated lane
capacity compared to the ToC-ignorant estimation depicted
in Figure 10a.

5 Results and discussion

Figure 12 presents the overall results obtained from the
simulation study outlined in Section 4.1. First, we find that all
in the AV00 share,

maximum  flows ranging between
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. Calibrated SUMO main flows, color-coded by LGV/HVG share.
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FIGURE 9

Spatiotemporal heatmaps of the ODD zone for speed and flow.

(a) Valid run at max capacity: Mix AV60, seed 1053. (b) Invalid run: Mix
AV60, seed 1055. The traffic breakdown is clearly visible in speed
and flow.

3405 — 3611 veh/h, fall within the expected capacity range from the
calibration, i.e., 3281 — 3647 veh/h. We further analyze these results
in detail for the four scenarios, following the order in which they

were previously defined:
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ToC-related relative percentage reductions of the capacity with varied mean 7yy -values for the unmanaged scenario. For reference, the estimator
“constant” (gray-colored), which does not account for ToCs, is included. The RMSE and R? metrics indicate estimation accuracy.

1. No ToCs: The results (green line) show that up to share AvV40,
maximum flows remain relatively stable, with a reduction of
approximately 100 veh/h compared to AV00. Beyond AV50,
flow values begin to increase again. This trend can be linked to
a homogenization effect in traffic flow as AV shares grow,
which is influenced by the AV parametrization—-specifically,
the absence of sigma and a very small speedDev
value of 0.01.

. Unmanaged: In the case of entirely unmanaged ToCs (blue-
colored bars), maximum flow decreases progressively from
approximately 3500 veh/h at AV00 to around 1450 veh/h at
AV85. Regarding the different 7,y values, the results indicate
high variations in maximum flow for AvV00 and AV10. These
variations become less pronounced as the AV share increases,
starting around AV30.

. Managed: When ToCs are managed within the ODD zone
(gray-colored bars), maximum flows exhibit a similar
decreasing trend but remain notably higher than in the
unmanaged scenario. Flows decline from AVO00 levels to
approximately 2950 veh/h at AV85. As in the unmanaged
case, variations related to 7y diminish with increasing AV
shares, becoming less
AV30 onward.

. Unmanaged “rightmost95”: This scenario exhibits the lowest
flow values across all AV shares (red-colored bars). A decline in

noticeably pronounced  from

maximum flow is already noticeable at AV20 and continues
consistently as the AV share increases, reaching a minimum of
847veh/h at AV85. In this scenario, capacity is inherently
constrained because AVs are restricted to operating exclusively
in the rightmost lane, leading to a disparate lane utilization
with increasing AV share. Except for some LV and LGV
vehicles traveling in the left lane, all HGVs and AVs remain
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on the right, thereby limiting capacity under unmanaged ToC
conditions.

Overall, the results in Figure 12 show that in the unmanaged
scenario, maximum flow declines significantly with increasing AV
share. At AV85, the max flow is approximately 500 veh/h lower than
in the managed case—indicating that ToC management measures
could help alleviate, but not fully prevent, capacity losses.

Furthermore, to compare these simulation results with the
capacities
Figure 10c, we derive the relative percentage reductions in

theoretical lane estimated in Section 4.2 and
capacity across the increasing AV share. Figure 13 summarizes
these reductions for the unmanaged scenario, differentiating
between the estimators max and mean, while constant is
included as a reference that ignores ToC effects. For each
estimator, we report the root mean squared error (RMSE) and
the coefficient of determination (R?) to quantify the goodness of fit
to the simulated capacity reductions—where lower RMSE and R*
values closer to one indicate better agreement with the simulation
data. The simulated results reveal a capacity loss of up to nearly 60%

at AV85. We also make the following observations:

e While the 7 dependency is relatively small in the simulation
results, it important the
estimator outcomes.

becomes increasingly in
The notably poor performance of the constant estimator,
including negative R*> values in some cases, is expected
since it does not capture capacity changes induced by ToCs.
Both estimators, max and mean, although accounting for ToCs,
notably underestimate the capacity reductions in the mid-range
AV share (AV20-80). This can be attributed to the simplicity of

the numerical experiments we conducted to derive the estimator
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values. In particular, intensified vehicle interactions due to
driver imperfections (parameter sigma o) and speed factor
variances are disregarded in these experiments. Additionally,
the numerical experiments employ single-lane vehicle strings
and uniform acceleration and deceleration parameters, omitting
lane-changing interactions and parameter variability that are
present in the two-lane simulation scenario (cf. Figure 5).

e Compared to the ToC-ignorant estimator constant, the
other estimators perform notably better in predicting ToC-
related capacity reductions, particularly max, which achieves
the best RMSE and R? scores. At AV85 share, max matches
best with the simulation results, as vehicle interaction effects
with non-AVs have almost completely vanished (still 15%
HGVs present), leading to minimal driving behavior
variability that coincides with the numerical experiment
setup, where all vehicles share the same parameterization.

In summation, the capacity reductions observed in the
simulation might align only unsatisfactorily with theoretical
estimates, as deviations occur in the mid-range AV shares due to
the simplified assumptions of the estimators. This partial mismatch
is also reflected in the RMSE and R® values, for which no established
benchmarks exist in this context. Therefore, our assessment of
estimator performance focuses
qualitative trends within the observed results. However, the

on relative differences and
estimator max performs best in comparison to the simulation
results, substantiating our suspicion that the maxima in time
headway increments dominate ToC-related capacity effects.
Nevertheless, the overall findings from Figures 12, 13 highlight
the potential ToC effects on capacity reductions across various
scenarios and parameter dependencies, in line with the stated

expectations.

6 Conclusion

To investigate ToC-related capacity reductions, we conducted
comprehensive simulation experiments with a calibrated two-lane
highway scenario, as well as numerical experiments to estimate the
large-scale impact of time headway increments during consecutive
control transitions. Our main findings can be summarized as
follows: (i) of up to 2000veh/h,
corresponding to approximately 60% loss, were observed in

capacity reductions
shares with near-full Level 3 automation but no traffic
management coordination; (ii) ToC effects became notably
impactful starting from a Level 3 share of 10% to 20%; (iii) a
coordination of ToCs could mitigate losses by roughly
1000 veh/h or 30%; (iv) binding Level 3 operation to the
rightmost lane resulted in the most severe reduction, with up to
2660veh/h or 75% loss; and (v) maxima in time headway
increments during ToCs emerge as the dominant factor
contributing to these capacity effects.

Several relevant limitations should be acknowledged, as they
may affect the applicability and interpretation of our findings.
Recent research on data from Level 4 AVs reveals reduced time
headways when MV follow AVs (Jiao et al., 2024). Such effects,
which might also apply to Level 3 systems, are not considered in
this study. An additional aspect that has not yet been discussed is
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the impact of human response times for non-emergency ToCs.
Throughout this investigation, the response time distribution was
kept the same, at y=7s in all simulations, in line with our
previous studies. More recent data from real-world tests
presented by Pipkorn et al. (2023) indicate response times
closer to 5 s, from which the authors infer that a lead time of
10's, as specified in the R157, should be feasible for human drivers
to take over in time. In our simulations, a few random sample
reruns with these lower response times indicated approximately
10-20% higher capacities compared to the results presented here.
A further limiting factor might be SUMO’s ACC model, which is
parametrized for full string stability and deployed here as a proxy
for Level 3 automated vehicles, although experimental studies and
theoretical work have demonstrated string instabilities in ACC-
equipped platoons, as we also discussed in Alms and Wagner
(2024). All these limitations could potentially affect traffic
capacity, though their precise contribution cannot be reliably
quantified at this stage.

Future work should therefore include the development of a more
accurate Level 3 model in SUMO, for example, an ACC-based ALKS
system, as well as a systematic investigation of how model
assumptions and human response variability together affect
traffic capacity. Another important direction is to further
examine the effects of MRMs, which are relevant for failed
Level 3 transitions and Level 4 automation, on overall traffic,
especially if they are not managed properly.

Lastly, we would like to reflect on the broader capacity
of AVs. Our
inherently results in slightly reduced theoretical capacities—even
without ToCs—due to the implementation of lower time headways
for MVs and higher ones for AVs, which contrasts with assumptions

implications overall vehicle parametrization

commonly made in other studies. While experimental research has
demonstrated counterbalancing effects at high AV shares, which our
own simulations also imply, this effect is diminished in the context
of Level 3 systems. Unlike Level 4 or CACC-equipped vehicles,
Level 3 automation, in its current form, does not typically support
the low time headways often assumed to contribute to capacity
gains. However, practical capacity impacts at relevant market
penetration rates between 10% and 20% are likely still many
years away, leaving room for further technical and regulatory
development of Level 3 systems. Yet, in combination with the
ToC-related capacity constraints demonstrated in this study, we
take a more cautious view and do not share the seemingly
widespread optimism regarding beneficial capacity effects of AVs
in the mid-term.
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3 Publications

Chapter synthesis

Building on earlier project work, notably TransAID, which provided the initial
impetus and boundary conditions for this research, the problem frame was refined
and the overarching research question emerged. The three central aspects, efficiency,
safety and capacity, were then examined in depth in Papers I-1II as separate studies:
RL-based ToC management for efficiency, ODD-constrained safety effects, and ToC-
induced capacity impacts, addressing RQ 1, RQ 2 and RQ 3 respectively. Together
these publications establish the empirical context and modelling choices for the
complementary analyses and integration developed in the subsequent discussion
Chapter 4.
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4 Discussion

This chapter contextualises the findings of Papers I-1II with complementary results
to provide a fuller basis for addressing the three research questions. The added
analyses address specific shortcomings and evidential gaps. For Paper I, further RL
experiments were undertaken to probe policy sensitivity and the efficiency versus
automated-distance trade-off. For Paper II, safety results were complemented by
applying the motorway scenario inspired by use case 5.1 from Paper III to examine
a different ODD boundary case (the No-AD zone). For Paper I1I, supplementary
measurements from the main two-lane simulations and from the single-lane numerical
experiments were included to examine time headway estimator bias and the role
of lane changes. The discussion treats these shortcomings explicitly in light of the
additional results and clarifies which conclusions are robust and which depend on

modelling choices or parameterisation.

4.1 Methodological Reflections on RL-based ToC

Management

The study in Paper I showed that reinforcement learning can be used to mitigate the
adverse effects of system-initiated control transitions on traffic flow. By contrasting
unmanaged scenarios, heuristic approaches, and RL-based control, it illustrated both
the promise and the shortcomings of such methods. Although the original results
suggested that RL controllers may outperform baseline strategies in balancing traffic
efficiency and automated driving distance, further reflection is needed regarding the
robustness of these outcomes. In the following, additional experiments with updated
RL libraries and alternative algorithms are discussed to assess the sensitivity of the

results to methodological choices and reward design.

4.1.1 From SB2 to SB3: Progress and Local Minima

To examine the robustness of the results from Paper I, the experiments were retrained
with an updated version of the Stable Baselines library [66] (SB2 from 2021 and
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SB3 from 2025), using the original TD3 algorithm on both versions and, in addition,
a PPO run on SB3 (see Section 4.1.3). Figure 4.1 presents these results: the top
panel shows the development of episode rewards, and the bottom panel compares
the resulting traffic metrics, namely average travel time and CAV distance, against

the baseline cases from Paper I.
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Figure 4.1: Training and traffic performance for TD3 and PPO (TD3: SB2 and
SB3, PPO: SB3). Panel (a): Episode rewards under different training environment
configurations. For TD3, SB3 attains higher rewards than with SB2. Panel (b):
Evaluation metrics (average travel time and CAV distance). Higher rewards do
not yield better efficiency: under SB3, policies shift towards maximising automated
driving continuation at the cost of higher average travel time, whereas TD3 with
SB2 (models 1 and 2) remains more balanced.
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4.1 Methodological Reflections on RL-based ToC Management

The training curves for model 1 and model 2 (cf. Figure 4.1a, TD3) show that the
SB2 runs increased in reward initially but then levelled off early, indicating limited
further learning. In contrast, the SB3 runs for TD3 continued to improve throughout
training, even from initially lower reward levels, and reached noticeably higher final
reward values, reflecting greater effectiveness of the updated implementation. The
bottom panel of Figure 4.1 reveals the consequences of this difference: SB2, despite
its restricted learning progress, produced a comparatively balanced outcome between
travel efficiency and automated driving distance, whereas SB3, by exploiting the
reward function more fully, shifted strongly towards maximising automated driving
distance at the cost of higher average travel times, thereby exposing a flaw in the

reward design, which is discussed more detailed in the following.

4.1.2 Reward Imbalance and Traffic Efficiency Trade-offs

Based on the idea of discretising the road into 14 cells (7 per lane) to which the
RL agent could send a ToR to a group of CAVs, the training algorithm aimed at
maximising the reward by finding a compromise between keeping a decent overall
speed level (reward: Rgpeeq) in the scenario while also allowing AVs to continue
their automated driving mode (reward: Rp,r) as long as feasible before entering the

No-AD zone. This idea, represented in equation (1) in Paper I, can be re-written as:

R = Rspeed + RT0R~ (4]-)

The flaw in this reward, as indicated by the results from Section 4.1.1, is that the
term Rrog is parametrised by the weights wror and pror'! to favour delaying ToRs
excessively. With pror = 10 and wror = 100, issuing a ToR in downstream (non-
final) cells yields a large action-dependent credit (scaled by wrer), while the penalty
applied in the final cells (scaled by pr,r) is comparatively weak. Consequently,
the agent learns to postpone ToRs to late (penultimate) cells, thereby increasing

automated-mode distance at the expense of average travel time.

Mavrer and pror (denoted mror in Paper I) are free parameters for reward shaping.
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More precisely, with i € {0, ...,13} indexing the cells, n; denotes the number
of automated vehicles (AVs) in cell i, and a; € {0,1} indicates whether a ToR is
issued to cell ¢ (1 if issued, 0 otherwise). The parameters pr,r and wrer enter the

formulation as follows:

13
Rror = Zainﬂi — PTor Z ng, (4-2)
i=0

ie{12,13}

/2
WionR L/ J, i ¢ {12,13),
T = 6 wror = 10, pror = 100.

PToR (S {127 13}7

The practical effect of this parameterisation was that SB3 agents, by exploiting
the reward term more effectively, maximised automated driving distance at the
cost of increased average travel times. In fact, in some cases the SB3 policies were
outperformed in terms of traffic efficiency by the random and TransAID baselines. As
Figure 4.1 illustrates, SB2 plateaued in a local minimum yet delivered a comparatively
balanced compromise, whereas SB3 reached higher reward values while exposing the
imbalance in the reward function. The lesson from this comparison is that reward
design as well as its parametrization (ppor and wr.r) must adequately reflect the

intended trade-off between traffic efficiency and automated driving comfort.

4.1.3 Additional PPO Experiments

To verify whether the poorer traffic outcomes with TD3 were due to algorithmic
limitations or the reward imbalance identified above, additional experiments were
conducted with PPO. In contrast to TD3’s continuous action space, PPO employs
a discrete design in which the agent directly choses whether to issue a ToR (1) or
not (0). Training was extended to 4000 episodes and carried out with multiple
parallel environments (4, 8, or 16).

As shown in Figure 4.1, PPO eventually reached reward levels comparable to
TD3 with SB3, but only after a longer training horizon!'?. Learning progressed more
smoothly and stably, reflecting the robustness of the on-policy approach. However,
this stability did not translate into better traffic performance: average travel times
continued to rise, and CAVs remained longer in automated mode at the expense of
overall efficiency. These results support the inference that the underlying issue lies

in the reward imbalance rather than in the choice of the RL algorithm.

12The apparent sample-efficiency gap between the algorithms is explained by their fundamentally
different data usage. TD3 in the experiments collected transitions from a single environment and
reused them many times via a replay buffer (off-policy), whereas PPO relied on parallel environments
to generate a much larger number of transitions, each consumed only once (on-policy).
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4.1 Methodological Reflections on RL-based ToC Management

4.1.4 Implications for RL-based ToC Management

Across the experiments, the move from SB2 to SB3 increased training stability and, for
the same TD3 controller, raised the achieved reward levels relative to those reported
in Paper 1. Yet, as Figure 4.1 shows, these gains did not translate into better traffic
outcomes: the original SB2 run, despite plateauing early, yielded a comparatively
balanced compromise, whereas the SB3 retraining achieved higher rewards while
notably worsening average travel times (for a fixed 5km trip in use case 5.1: 170s
~ 106km/h; 227s ~ 79km/h — about 25% lower network speed). Additional PPO
runs verify that this pattern is not algorithm-specific. Taken together, these results
expose a gap between the internal optimisation target in the MDP formalisation
(reward) and external multiple objectives (traffic efficiency vs. CAV distance) in the

RL experiment.
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Figure 4.2: Trade-off between average travel time and CAV distance in use case 5.1
(data from Figure 4.1). Outlined points are non-dominated within the sample; the
dotted line is a linear estimate of a potential Pareto frontier. The arrow indicates
the desirable direction (lower travel time, longer automated distance).
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Figure 4.2 illustrates this trade-off by plotting average travel time against CAV
distance. The outlined markers indicate the non-dominated points, i.e. a candidate
Pareto-efficient set in the multi-objective RL sense [67, 51]. The dotted line is a
linear fit to this potential frontier within the explored !3. Further progress with
RL-based ToC management in this scenario depends on (i) reward formulations that
explicitly capture the intended trade-off between traffic efficiency and automated
driving continuation and (ii) multi-objective RL methods that operate on sets of

non-dominated policies rather than a single scalar reward (cf. [67, 51]).

4.2 Safety Implications of ODD-constrained ToCs

Paper II investigates ToC-related traffic safety in greater depth, as Paper I raised
potential concerns without further quantification. It examines a use case different
from Paper I, motivated by Level 3 systems certified under the 2021 version of
UNECE Regulation No. 157 [79], which, at the time, limited the ODD to 60 km/h.
First, Section 4.2.1 addresses the rationale for using SSMs in simulation, notes
SUMO-specific caveats, and clarifies the evaluation approach used in the subsequent
analysis. Section 4.2.2 then presents complementary safety results from additional
simulations conducted for Paper III, which also align with the use case 5.1 concept
from Paper 1. The 60 km/h ODD-limited use case from Paper II is revisited in
Section 4.2.3.

4.2.1 SSMs in SUMO

Assessing traffic safety in simulations, particularly in SUMO, is challenging because
crashes are rare by design and model assumptions limit absolute claims. Therefore,
SSMs are used in this research to reveal and compare safety-relevant changes that do
not culminate in collisions. Paper II employs a pair of indicators (TTC & MDRAC),
following [94], which shows that combining time- and deceleration-based measures
(e.g., TTC & DRAC) provides complementary, non-redundant signals and broader
coverage of the investigated conflict types than single measures alone. SUMO’s driver
models do not explicitly represent human perception-reaction time (PRT), which
can make DRAC overly optimistic, particularly when reactive controllers induce
oscillatory braking. To address this, MDRAC [34], which embeds PRT, was adopted
for greater sensitivity to imminent conflicts. Most SSMs, including TTC and DRAC,
are typically evaluated with fixed thresholds. In SUMO these thresholds are not

empirically validated, so exceedance counts have limited interpretive value. Even

13The baseline point lies outside the plotting window and is intentionally excluded, as it corre-
sponds to a post—breakdown traffic regime that is not directly comparable to the other operating
points. For context, the dotted line is extrapolated beyond the visible range toward that point.
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4.2 Safety Implications of ODD-constrained ToCs

alternative Level 2 takeover metrics, such as the margin between time to control and
a safe time budget [58], depend on provisional thresholds. Consequently, the safety
analysis here prioritises distributional shifts in the well-established TTC, supported
by the MDRAC metric, to reveal systematic changes rather than relying on critical
events defined by fixed thresholds.

4.2.2 Complementary Safety Results

Prior safety results for the ODD-limited use case 5.1 (cf. Figure 3.2) already indicated
ToC-induced deterioration in a stable traffic stream. Because those analyses covered
only lower AV shares (15 to 40%), simulations from Paper III were reproduced to
cover the full range of synthetic AV shares. Figure 4.3 shows the resulting per-hour
SSM event counts, disaggregated into inter- and intra-vehicle interactions. The
unmanaged case yields markedly higher event rates than the managed case across
traffic mixes, with the largest differences in inter-vehicle interactions at intermediate
AV shares. Interestingly, the pattern across traffic mixes peaks around 20% AVs
and attenuates from about 40% upwards, indicating the worst safety effects at
intermediate mixed-autonomy compositions, with both TTC and MDRAC exhibiting
the same qualitative shape across mixes. This is supported by inter-vehicle event

rates exceeding intra-vehicle event rates.

4.2.3 Safety under a 60 km/h ODD Limit

In the main 60 km/h ODD-limited use case of Paper II, safety signals deteriorate
as the AV share increases and v/c ratios approach 100%. The tabular summaries
show higher hourly rates of critical SSM events (rising from near-zero to about 7
to 9 events per hour in the most affected mixes), while the heatmaps reveal the
distributional shifts more clearly, with a consistent pattern across both SSMs. The
detrimental effects vanish when the ToC preparation controller is parametrised to
avoid active deceleration by assuming a headway increase from the lead vehicle’s
acceleration. This finding contrasts with the main case, indicating that ToC-induced
deceleration at the ODD boundary disrupts traffic low and, through interactions
with accelerating vehicles, is the primary driver of the observed safety deterioration.
Deploying a string-unstable ACC parameterisation, as reported in the original model
introduction by [47], markedly amplifies the detrimental effects, which is evident
from broader and stronger adverse shifts in the respective heatmaps. These stability

implications, amongst other aspects, are discussed in the following.
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Figure 4.3: Average number of SSM events per simulation hour across traffic mixes.
Top panels: inter-vehicle conflicts (between different vehicle types). Bottom
panels: intra-vehicle conflicts (between the same vehicle type). Left: TTC 0-8s.
Right: MDRAC > 0.2|m/s?|. Results are shown for managed and unmanaged
scenarios from Paper III. For comparability, both scenarios are evaluated at the
demand level of the unmanaged case at 100% v/c ratio, since higher throughput in
the managed case would otherwise bias the number of events.

4.2.4 Safety Consequences of ToCs at ODD Boundaries

Two different ODD-boundary settings are analysed through distributional TTC and
MDRAC: (i) the 60 km/h ODD-limited case and (ii) the No-AD zone ODD-end
case. Across both settings, safety signals worsen as AV share rises and as v/c ratio
approaches 100%, while managed operation outperforms unmanaged operation. With
a constant speed boundary (ii), differences are largest at intermediate AV shares,
whereas with an increasing speed boundary (i), impacts are worst at maximum AV
share. In (i), a ToC preparation without active deceleration removes this exacerbation.
Inter-vehicle events dominate over intra-vehicle events, and effects peak in mixed
traffic near 20% before attenuating from about 40% upwards.

Stability further modulates these outcomes: with a string-unstable ACC param-
eterisation, safety deterioration intensifies. Two notable studies considered here
investigate stability effects of Level 3 conditional AVs specifically: In [39], the authors
base conditional AV control on a model calibrated to SUMO simulations encom-
passing ToCs using the CACC model (cf. [47]) and then analytically show that
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the resulting controller is string-stable. Given that the CACC model is inherently
parametrised to be string-stable in SUMO, their stability-versus-penetration results
therefore hold only under these string-stable controller assumptions. Conversely, [85]
show that stability worsens with more ToCs. For any fixed takeover rate (pgo, < 1),
it improves with higher Level 3 penetration because the automated, non-delayed
dynamics compensate for the destabilising effects of the delayed post-takeover mode.
Nevertheless, those findings do not translate easily to SUMO’s default calibration,
as its driver and ACC models are tuned near string stability and to collision avoid-
ance. To study stability effects reliably, instability must be induced deliberately,
for example via parameter choices outside stable ranges or by model extensions, as
proposed by [41]. Thus, the stability impact on safety reported here is strongly
parameterisation sensitive.

Taken together, the detrimental outcomes induced by disruptive, ODD-constrained
ToCs arise predominantly from adverse vehicle interactions that propagate upstream
and can lead to safety-critical events. However, quantification of these effects is
bounded by modelling limits and parameterisation. Human PRT is not explicitly
modelled in SUMO and MDRAC only proxies it. A calibrated crash-severity measure
is also absent, so comparisons are necessarily relative to a baseline without ToCs

rather than predictive.

4.3 Quantifying Capacity under ToC Constraints

Whilst Paper I only briefly discussed capacity implications of ToCs, Paper II consid-
ered reduced capacities in a limited set of baseline measurements. Paper III presented
an in-depth quantification of ToC-induced capacity effects for an ODD-limited mo-
torway scenario. Therefore, Sections 4.3.1 to 4.3.3 examine interdependencies of

ToC-related factors that affect capacity.

4.3.1 Time Headway Distributions in the ODD-limited Mo-

torway Scenario

Figure 4.4 presents the time headway distributions across AV shares for unmanaged
and managed cases in the two-lane ODD-limited motorway simulations of Paper III.
As AV penetration rises, both the mean and the right-hand tail increase, most
markedly without management, whilst management moderates both the mean and
spread at the same share. These patterns corroborate the capacity-relevant differences
reported in Paper III. Table 4.1 lists the respective mean values for the unmanaged

case.
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Figure 4.4: Time headway distributions by AV share (AV10-AV85) for unmanaged
and managed cases from Paper III simulations. Vertical lines mark the mean of each
distribution.

4.3.2 From Numerical Experiments to Capacity Estimates

Paper III linked ToC-induced maxima in time headways from a controlled single-
lane 32-vehicle string to network capacity. Here, “numerical experiments” refers
to controlled computations on the single-lane string used to elicit peak AV time
headways at a fixed ODD boundary. To isolate ToC effects, the micro experiment
was designed without lane changes, lateral interactions and behavioural heterogeneity,
and the spatial ordering of AVs and MVs was prescribed. Therefore, to check for bias
due to the equal AV—MYV spacing used in Paper III, the experiment was repeated
with two alternative patterns within the platoon, random placement and clustered
AVs. Figure 4.5 reports the resulting peak headway estimator 7,y (p;) across AV
shares for all three patterns.

The results from Figure 4.5 reveal that all patterns yield fairly similar peak
time headways, although the gap between patterns slightly widens as AV shares

increases'®. In Paper III, the equal-spacing estimates were propagated through the

14Within each placement pattern, variability across permutations is reflected in the violin widths.
This indicates that the intra-platoon distribution indeed affects time headway maxima, but only to
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Figure 4.5: ToC-induced peak time headways, 734" (p;) by AV share for three within-
platoon placement patterns in a single-lane string of 32 vehicles. equal: AVs
distributed as evenly as possible along the string. random: ordering sampled
uniformly at random. clustered: AVs arranged in contiguous blocks within the
string. The violins summarise the distribution across permutations for each share
and pattern.

capacity estimator to obtain traffic-mix-specific capacities, which were then compared
with reductions measured in the multi-lane simulations. In the mid-range of AV
shares, the estimator underpredicted the loss. The differences between placement
patterns observed in Figure 4.5 are modest and cannot account for this gap. The
principal source of the mismatch is therefore sought in mechanisms absent from the
single-lane experiment, namely lane changes, lateral interactions and behavioural
heterogeneity. Table 4.1 summarises the unmanaged mean time headways alongside

the corresponding 7y (p;) values used for the capacity estimation.

AV00 AV10 AV20 AV30 AV40 AV50 AV60 AV70 AVS80 AVS85

Unmanaged
Means 1.58s 1.58s 1.90s 2.23s 2.46s 2.79s 3.03s 3.34s 3.51s 3.72s
Estimates
v (pi) 1.09s 1.51s 1.66s 1.78 1.90s 2.08s 2.22s 2.38s 2.59s 2.88s

Table 4.1: Mean time headways [s| per traffic mix (unmanaged scenario) alongside

~ max

v (pi) used in the capacity estimation of Paper III.

4.3.3 Linking ToR Distribution, Lane Changes, and Capacity

To further investigate the ToC-induced capacity reductions identified in Paper III,
Figure 4.6 presents lane-change (LC) rates within the ODD zone, reported as
differences relative to the no-ToC baseline and expressed per vehicle-hour at capacity.

Panel (a) shows that the LC rate increases notably with AV share across traffic mixes.

a lesser degree relative to other factors.
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Interestingly, at lower to mid shares (AV10-AV40) the managed case exhibits higher
rates than the unmanaged case. From AV50 upwards, the unmanaged case exceeds
the managed case and the gap widens with share. Panel (b) shows the LC rate along
the ODD zone in distance bins for two exemplary traffic mixes (AV30-MV70 and
AVT70-MV30), confirming that LC activity is not uniform along the ODD zone. In
managed runs, excess LCs are concentrated near the ODD start and decay along
the zone with little activity near the ODD end. In unmanaged runs, excess LCs are

more dispersed and show a build up towards the ODD end.

Lane-change rate difference relative to no ToCs at capacity
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Figure 4.6: Lane-change rates within the ODD zone, normalised relative to the
no-ToC baseline and expressed per vehicle-hour to account for throughput differences
between Managed and Unmanaged. Rates are expressed as events per 1000 veh/h.
Panel (a): Difference in lane-change rate at capacity across traffic mixes. Bars
show the mean across seeds; error bars indicate the standard deviation across seeds.
Panel (b): Lane-change rate along the ODD zone in bins for two exemplary traffic
mixes (AV30-MV70 and AV70-MV30). Vertical lines indicate the ODD start and
end.

90



4.4 Summary of Findings and Limitations

As lane changes during the ToC preparation phase are not permitted for the
respective individual AVs, the ToC-induced LC patterns are affected indirectly
through reactive manoeuvres of surrounding vehicles. The mechanism within the
ODD zone is posited as follows: (i) In the unmanaged case, the late concentration of
ToCs near the ODD end is accompanied by a late concentration of reactive LCs in
the capacity-critical end zone, producing local disruptions that propagate upstream
and increase local speed and time headway variance. Consequently, a sustained
downstream outflow deficit is detected near the ODD end, which aligns with the
previously reported mid-range capacity reductions and the severe losses at higher
shares. (ii) In the managed case, earlier ToR triggering shifts reactive LCs upstream,
away from the ODD end, so even when excess LC counts are higher at low to mid
shares, their timing and location render them less disruptive and, together with lower
post-ToC MV time headways (per the AV/MV parameterisation), help to preserve
higher throughput.

As the single-lane numerical experiments exclude lane changes, this lateral mech-
anism explains why the peak-headway estimator underpredicted capacity loss in the
mid-range, and the observed rise in LC rate with AV share in unmanaged traffic is in
line with the heavier right tails and higher means in the time headway distributions

shown in Figure 4.4.

4.4 Summary of Findings and Limitations

4.4.1 Synopsis of Discussion Findings

For each of Papers I, IT and III, complementary results were presented in the preceding
sections to contextualise and qualify the original findings. These can be summarised

as follows:

RL-based ToC management: Retrained policies yielded higher rewards relative
to the baseline policy under the original formulation, yet their performance remained
sensitive to reward balance and local minima. Additional PPO experiments clarified
the trade-off between efficiency and throughput under varying weights. Overall,
management of ToCs within an ODD zone appears preferable to unmanaged operation,
and an optimal solution is suspected to be quantifiable only along a Pareto front.

Summary on RQ 1: Unmanaged ToCs markedly reduce efficiency in dense
traffic, while ToR scheduling within the ODD mitigates the loss.
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Safety under ODD constraints: Beyond the 60km/h ODD limit use case
reported in Paper II, complementary results were provided for the alternative No-AD
zone use case to complete the safety assessment across the full AV share range.
Per-hour SSM event rates showed the most severe ToC-induced impact in the mixed-
autonomy range (AV20-AV50), whilst the elevated counts were dominated by inter-
vehicle interactions. Intra-vehicle event rates were consistently lower. Management
of ToCs within the ODD zone mitigated these detrimental safety impacts noticeably
relative to unmanaged ToCs at the ODD end.

Summary on RQ 2: Safety impacts are conditional on the ODD boundary and
the prevailing flow regime: in stable constant flow they peak at mid-range AV shares,
driven by mixed-autonomy inter-vehicle interactions, and then decline as the AV
share rises, whereas in accelerating flow they increase with AV share. ToR scheduling
within the ODD reduces these effects in the stable-flow regime, while damping the

time headway increase during ToCs reduces them in the accelerating-flow regime.

ToC-induced capacity losses: By comparing time headway distributions from
the two-lane simulations in Paper III with synthesised headways from the single-lane
numerical experiments, an underprediction of capacity reductions at intermediate
AV shares was identified relative to measured losses. Further tests that varied
intra-platoon AV-MV ordering yielded only minor differences in maximum time
headways. Therefore, lane-change analyses at capacity were conducted. LC pattern
differences between managed and unmanaged ODD zones clarify the interplay between
ToC-induced flow disruption, upstream LC rates and capacity reductions, thereby
accounting for the observed mismatch between the estimator and the simulation
results.

Summary on RQ 3: ToCs constrain capacity within the ODD zone through
increased effective time headways caused by preparation gaps and consequent lane-
change-induced disruptions. Upstream ToR scheduling at the ODD boundary miti-

gates the constraint but does not restore baseline capacity.

4.4.2 Limitations, Scope and External Validity

The following points set out the principal constraints that qualify the interpretation
of the results across the three main publications.

Scenario scope: The scenarios across the publications were designed to inves-
tigate different ODD boundary cases of Level 3 automated vehicles, particularly
the ToC impact from automated to manual control. Nevertheless, it should not
be assumed that all relevant usage contexts are covered. The results obtained for
the 60 km/h ODD limit case are justified for Level 3 systems certified at that limit
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4.4 Summary of Findings and Limitations

under Regulation No. 157 (2021). At least one manufacturer has since upgraded to
95 km /h' following the 2023 revision of Regulation No. 157, which permits speeds
up to 130km/h. Papers I and III also analyse scenarios assuming operation up
to 130km/h (synthetic use case 5.1 in Paper I) and up to 100km/h (calibrated
motorway scenario in Paper III), although such high-speed systems are not expected
by manufacturers before 2030. As Level 3 conditional driving is currently limited
to motorway operation and is likely to remain so for years, geometry and the wider
network context, for example urban operation, were not varied. Accordingly, the
scope of inference is confined to these scenario settings and remains largely theoreti-
cal until supported by field evidence, so extrapolation to other contexts should be

undertaken with caution.

Simulation tool fidelity: SUMO was used throughout, as it is presently the
only microsimulation platform with a ToC model for network-level analysis. A
known limitation is the representation of traffic stability: its car-following models
are calibrated for collision avoidance and stable flow, which can damp instability
phenomena of interest. The use of an ACC model as a proxy for Level 3 car-following
behaviour cannot currently be verified against field evidence. In addition, SUMO lacks
an explicit mechanism for human reaction time, which makes it difficult to calibrate
to values often derived from driving-simulator studies. SUMO is also not designed
to reproduce capacity drops on motorways with high accuracy!®. Consequently,

outcomes may overestimate safety and underestimate efficiency and capacity impacts.

Behavioural heterogeneity, compliance and ToC process assumptions:
Given that all results depend on the AV share in the traffic mix, the usage rate in
automated mode was assumed to be 100% and compliance with ToR was idealised.
More importantly, the analyses were designed to isolate effects arising from automa-
tion during ToC preparation. Accordingly, human reaction times to ToRs were not
varied. Instead, ToC durations were sampled from a skewed distribution with a mean
of 7s 7 (for non-emergency, system-initiated ToCs based on literature available at
the time), although more recent studies suggest lower averages near 5s'®. In general,
driver and AV controller heterogeneity was sampled from distributions across all
influential car-following parameters. Direct calibration was not possible. Moreover,
manufacturer procedures and field reference data for ToC timing, automation laten-

cies and V2X availability were not publicly available, limiting external validation of

15The ODD of this system is currently bounded to the rightmost lane in a distinct car-following
situation on motorways, without overtaking manoeuvres. This case was emulated in Paper III with
complementary simulations under the tag “rightmost95”.

16Paper III discusses the underlying mechanisms in more detail.

"By design, this parametrisation excludes lane-blockage effects from persistent MRMs. These
were out of scope for this study.

8Paper III probed lower response times selectively and reported persistent ToC-related implica-
tions, yet no sensitivity analysis was undertaken to quantify PRT effects.
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these assumptions.

Paper-specific methodological limits: In Paper I, the control task proved
challenging to formalise in RL and resolve satisfactorily from a traffic-science perspec-
tive, as it required balancing traffic efficiency against the continuation of automated
driving. This trade-off undermined training stability and, in turn, reduced the
realised throughput in the scenario for many failed training runs. Consequently,
overall performance remained sensitive to the reward balance, with RL training
prone to local minima. Moreover, policy robustness was limited by the available
training budget and by demand variability. In Paper II, the safety analysis was
comparative and diagnostic rather than calibrated to absolute crash risk. Accord-
ingly, fixed thresholds for the SSMs were not applied, as suitable calibrations are not
available in SUMO. Specifically, MDRAC was chosen over the conventional DRAC
for greater sensitivity. However, the PRT in the MDRAC denominator was held
fixed at 1s. Generally, as discussed extensively in the publication, inference from
surrogate measures in simulation, rather than from direct criticality indicators such
as collisions, is volatile and calibration dependent, which limits reliable quantification.
Accordingly, the study reports relative changes in criticality. In Paper III, the peak
headway estimator was constructed from single-lane numerical experiments to derive
capacity estimates for each traffic mix. Those experiments exclude lane changes
and lateral interactions, therefore the estimator is insensitive to lateral sorting and
lane-change-induced perturbations that arise in multi-lane traffic. In the multi-lane
simulations, unmanaged ToRs concentrated reactive lane changes near the ODD
end and reduced throughput, whereas management moved this activity upstream.
Because the estimator lacks this lateral mechanism, it underpredicted the capacity
loss, particularly at intermediate AV shares. This mismatch was partly expected,
but the extent of it, driven by the strong impact of lane-change manoeuvres, was
underestimated. However, near 100% AVs, homogenisation of the flow reduces such
lateral effects and the estimator aligns more closely with measured values, indicating
that ToC-induced peak headways during control transitions contribute to capacity
reductions, although quantifying the portion independent of lateral effects remains

challenging.

Data, calibration and generalisability: As noted throughout, the princi-
pal limitation across all three studies is the absence of field reference datasets on
Level 3 automated driving behaviour, including explicit ToC timing, together with
undisclosed manufacturer procedures. Without such evidence, ToC model behaviour
cannot be validated externally, and parameters relevant to the ToC process and
automated system behaviour cannot be calibrated. V2X availability on the vehicle
side, a prerequisite for managing ToRs via infrastructure elements such as RSUs,

was not publicly disclosed, so the equipment rates assumed in the simulations are
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idealised. Likewise, end-to-end communication latencies and reliability were not con-
sidered, so the practical feasibility of infrastructure-managed ToRs remains uncertain.
Practical relevance also depends on market penetration and behavioural compliance.
The effects quantified here arise at substantial AV shares under a 100% usage and
ToR-compliance assumption, whereas such conditions are unlikely to be met in
practice for some time. Over-the-air upgrades may expand ODD capabilities or alter
ToC logic, which could mitigate or shift some of the reported effects, but without
field evidence these pathways remain speculative. Accordingly, generalisability to

early deployments of Level 3 systems is limited.

Chapter synthesis

This discussion synthesised complementary analyses and results from the three main
studies, which yield a consistent picture: system-initiated, non-emergency ToCs
impose measurable losses in dense traffic, and traffic management assistance can
attenuate these impacts to a limited degree. The stated limitations delineate the
envelope within which these claims hold. The following Chapter 5 distils these insights

into concise conclusions and immediate implications for practice and research.
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5 Conclusion

This thesis investigates how non-emergency, system-initiated ToCs in Level 3 automa-
tion, triggered by ODD limits, scale from individual vehicle behaviour to network-level
outcomes. It utilises SUMO as the modelling and simulation framework, integrat-
ing an explicit ToC mechanism to examine efficiency, capacity, and safety across
scenarios that progress from local dynamics to corridor- and network-level effects.
The focus is not on the mere existence of ToCs, but on how their timing, location,
and automation behaviour affect traffic once many such events arise under dense
conditions. The studies form a coherent arc: the first explores ToR timing strategies
and their immediate efficiency impacts; the second investigates safety-relevant effects
in traffic flows at ODD boundaries; and the third quantifies capacity reductions
and links preparatory ToC automation behaviour to those reductions. The central
premise is that ToCs are recurring traffic events in conditional Level 3 automation.

In brief, three research questions ask to what extent and under which conditions
ToCs affect efficiency, safety, and capacity, and whether targeted measures can
alleviate the consequences. Regarding RQ 1, clustered ToCs in dense traffic disrupt
flow disproportionately and, at high concentrations, can precipitate breakdown.
Earlier work, Paper I, and complementary results show that preserving efficiency
while sustaining automated operation within the ODD is a genuine trade-off rather
than a free gain. TM that schedules and distributes ToCs, whether heuristic or
RL-based, can mitigate delay by optimising along a Pareto front but it cannot
restore baseline conditions. For RQ 2 on safety, the analyses indicate degraded safety
performance at ODD boundaries in both quasi-stationary and accelerating traffic,
particularly when ToCs cluster. While SSMs provide consistent directional evidence,
precise magnitudes are constrained by SSM-based evaluation and threshold selection.
TM attenuates these safety-relevant effects, with the largest gains at mid-range
AV shares. Capacity, as posed in RQ 3, is reduced under all examined conditions
in the presence of ToCs, and the reductions are more severe when ToCs cluster.
Nevertheless, TM can partially mitigate them by minimising disruptions within a
designated ODD corridor. Taken together, the answers support the overarching
theme that non-emergency ToCs at ODD boundaries in conditional Level 3 driving

are predictable yet unavoidable, and that design and V2X-supported TM can limit
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their detrimental consequences but cannot make them fully recoverable.

In closing, one may reasonably ask what these findings might mean for current
and future practice in transport. From a traffic perspective, many of the effects
identified are likely to become materially relevant only at market penetration and
usage rates that exceed what is realistic in the near term. For manufacturers,
the principal challenge will remain on the automation side: ensuring sufficiently
timely takeovers in increasingly complex and dynamic operational domains. How
well and how quickly this can be achieved on the way to substantially broader
market penetration of Level 3 can only be speculated upon here. A look at current
developments in Level 4 automation, advanced in ever-larger testbed programmes
worldwide yet still struggling with inadequate system reliability, leaves a rather
sceptical impression. Level 3 functions with comparable operational domains will,
under higher demands, have to demonstrate at least similar performance if they
are to achieve sufficient attractiveness and acceptance among customers. From
a human-centred perspective, the handover processes themselves are, at present,
implemented in line with state-of-the-art research in human factors and current
regulations with respect to comprehensibility, modality, driver readiness, and urgency.
If anything, regulatory developments and adjustments that extend ODDs and enable
better coordination through TM measures may spark regime shifts on both the
automation and user sides and thereby alter the mechanisms documented here.
The fundamental out-of-the-loop problem of automation will, however, not be fully
resolved. Whether Level 3 systems, on the path towards fully autonomous driving,
will establish themselves in the market and the traffic system in the long run, or
instead amount to a brief staging post on the way to Level 4 and Level 5 with little

discernible effect on traffic, is something only the future will show.
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