


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:

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.

FIGURE 8
Speed–flow relations for the AVUS scenario based on the parametrization scheme from Table 2 comparing calibrated main flows considering LGV/
HGV shares. Real-world detector data from AVUS 2018; color-coding by LGV/HGV share.

FIGURE 10
Estimated lane capacities based on Equation 1 for varied mean � _
MV-values. (a) shows capacity estimates assuming a constant � _AV
(no ToC consideration). (b) accounts for increasing � _AV due to ToC
effects (with ToC consideration).
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FIGURE 11
Time headways in a platoon experiment with 32 vehicles and varying AV–MV shares. Blackmarkers indicate themaximumheadway for each vehicle.
The vertical blue dashed linemarks the onset of system-wide headway stabilization (see text for criterion), after all ToCs are completed. (a) 100%AV vs. 0%
MV share. (b) 50% AV vs. 50% MV share.

FIGURE 12
Maximum flow comparison across AV shares for the four scenarios: No ToCs (green line), Unmanaged ToCs (blue bars), Managed ToCs (gray bars),
and Unmanaged “rightmost95” (red bars).
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1. No ToCs: The results (green line) show that up to share AV40,
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.
2. 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 τMV values, the results indicate
high variations in maximum flow for AV00 and AV10. These
variations become less pronounced as the AV share increases,
starting around AV30.

3. 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 AV00 levels to
approximately 2950 veh/h at AV85. As in the unmanaged
case, variations related to τMV diminish with increasing AV
shares, becoming noticeably less pronounced from
AV30 onward.

4. Unmanaged “rightmost95”: This scenario exhibits the lowest
flow values across all AV shares (red-colored bars). A decline in
maximum flow is already noticeable at AV20 and continues
consistently as the AV share increases, reaching a minimum of
847 veh/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

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
theoretical lane capacities estimated in Section 4.2 and
Figure 10c, we derive the relative percentage reductions in
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 (R2) to quantify the goodness of fit
to the simulated capacity reductions—where lower RMSE and R2

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:

• While the τMV dependency is relatively small in the simulation
results, it becomes increasingly important in the
estimator outcomes.

• The notably poor performance of the constant estimator,
including negative R2 values in some cases, is expected
since it does not capture capacity changes induced by ToCs.

• Both estimators, max andmean, 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

FIGURE 13
ToC-related relative percentage reductions of the capacity with varied mean τMV-values for the unmanaged scenario. For reference, the estimator
“constant” (gray-colored), which does not account for ToCs, is included. The RMSE and R2 metrics indicate estimation accuracy.
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values. In particular, intensified vehicle interactions due to
driver imperfections (parameter sigma σ) 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).

• 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 R2 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 R2 values, for which no established
benchmarks exist in this context. Therefore, our assessment of
estimator performance focuses on relative differences and
qualitative trends within the observed results. However, the
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) capacity reductions of up to 2000 veh/h,
corresponding to approximately 60% loss, were observed in
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
2660 veh/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 MVs 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

the impact of human response times for non-emergency ToCs.
Throughout this investigation, the response time distribution was
kept the same, at μ � 7 s 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
implications of AVs. Our overall vehicle parametrization
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
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–III 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–III 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 III, 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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4 Discussion

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.

(a) Training reward development for TD3 and PPO.

(b) Average travel time and CAV distance across methods.

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: Rspeed) in the scenario while also allowing AVs to continue
their automated driving mode (reward: RToR) 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 + RToR. (4.1)

The flaw in this reward, as indicated by the results from Section 4.1.1, is that the
term RToR is parametrised by the weights wToR and pToR

11 to favour delaying ToRs
excessively. With pToR = 10 and wToR = 100, issuing a ToR in downstream (non-
final) cells yields a large action-dependent credit (scaled by wToR), while the penalty
applied in the final cells (scaled by pToR) 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.

11wToR and pToR (denoted πToR in Paper I) are free parameters for reward shaping.
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4 Discussion

More precisely, with i ∈ {0, . . . , 13} indexing the cells, ni denotes the number
of automated vehicles (AVs) in cell i, and ai ∈ {0, 1} indicates whether a ToR is
issued to cell i (1 if issued, 0 otherwise). The parameters pToR and wToR enter the
formulation as follows:

RToR =
13∑︂

i=0

ai ni ri − pToR
∑︂

i∈{12,13}

ni, (4.2)

ri =

⎧
⎪⎨
⎪⎩
wToR

⌊i/2⌋
6

, i /∈ {12, 13},

pToR, i ∈ {12, 13},
wToR = 10, pToR = 100.

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 (pToR and wToR) 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 horizon12. 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 I. 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 5 km trip in use case 5.1: 170 s
≈ 106 km/h; 227 s ≈ 79 km/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.

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 13. 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 I. 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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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 60km/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 flow 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 0–8 [s].
Right: MDRAC ≥ 0.2 [m/s2]. 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 (ptor < 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—MV 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 τ̂max

AV (pi) 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
increases14. 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, τ̂max
AV (pi) 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 τ̂max

AV (pi) values used for the capacity estimation.

AV00 AV10 AV20 AV30 AV40 AV50 AV60 AV70 AV80 AV85

Unmanaged
Means 1.58s 1.58s 1.90s 2.23s 2.46s 2.79s 3.03s 3.34s 3.51s 3.72s

Estimates
τ̂max
AV (pi) 1.09s 1.51s 1.66s 1.78s 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
τ̂max
AV (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
AV70–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.

(a) Aggregated

(b) Binned

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.
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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, II 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 60 km/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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under Regulation No. 157 (2021). At least one manufacturer has since upgraded to
95 km/h15 following the 2023 revision of Regulation No. 157, which permits speeds
up to 130 km/h. Papers I and III also analyse scenarios assuming operation up
to 130 km/h (synthetic use case 5.1 in Paper I) and up to 100 km/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 accuracy16. 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 7 s 17 (for non-emergency, system-initiated ToCs based on literature available at
the time), although more recent studies suggest lower averages near 5 s18. 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.
17By design, this parametrisation excludes lane-blockage effects from persistent MRMs. These

were out of scope for this study.
18Paper 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 1 s. 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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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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