SUMO User Conference 2026

TIBconferencesession

TIB-OP will set DOI with \TIBdoi

© Authors. This work is licensed under a Creative Commons Attribution 4.0 International License

Published: 1970-01-01

Investigating Traffic Effects of Control Transitions in
Level 3 Conditional Driving with SUMO

Robert AiIms'®, and Peter Wagner!?

Linstitute of Transportation Systems, German Aerospace Centre (DLR), Rutherfordstr. 2, 12489 Berlin,
Germany

2Institute of Land and Sea Transport Systems, TU Berlin, Kaiserin-Augusta-Allee 104, 10553 Berlin,
Germany

*Correspondence: Robert Alms

Abstract: Level 3 conditional automated driving relies on system-initiated takeovers
when operating limits are reached. Even successful transitions of control (ToCs) can
disturb traffic and accumulate in dense flow. Building on our prior studies, we present
complementary SUMO motorway simulations and assess the impact of potential traffic-
management measures that distribute takeover request timing. Unmanaged operation
increases time headways, reduces capacity, and elevates surrogate safety events, with
the strongest effects at intermediate mixed-autonomy shares. Managed timing miti-
gates these impacts, but ToC-related losses remain inherent to Level 3 operation.
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1. Introduction

Over the past decade, vehicle automation has advanced rapidly, yet deployed systems
still depend on the human driver under clearly bounded operating conditions. Level 3
conditional driving, as specified on the SAE automation scale [1], is moving from pilot
deployments toward market rollout [2]. Within its operational design domain (ODD), the
vehicle may control the driving task, but it must request that the driver retake control
within a minimum time span when the ODD boundary is approached or system limits
are reached [3], [4]. These transitions of control (ToCs) expose a central automation
challenge: drivers who have been disengaged must quickly rebuild situational aware-
ness while simultaneously stabilizing manual vehicle control. Even non-emergency,
system-initiated ToCs can transiently alter car-following behaviour and degrade control
guality [5]. To ensure a safe takeover within a mandated lead time under UN R157 [6],
the automated system may pre-emptively increase headway by reducing speed. In
dense traffic, frequent ToCs can therefore introduce systematic disturbances that propa-
gate upstream [7], degrading traffic efficiency and capacity and shaping safety-relevant
interactions even when every takeover succeeds. SUMO [8] provides a framework
to investigate such effects using microscopic simulation while assessing network-level
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traffic performance in mixed-autonomy conditions. The ToC device enables traffic sim-
ulations that combine modelling of individual ToC behaviour with traffic-level perfor-
mance assessment to quantify such ToC-induced effects in dense mixed-autonomy
traffic [9], [10]. Outside the EC project TransAID [11] and our own follow-up work, we
are not aware of other simulation studies that explicitly investigate traffic-level effects
of Level 3 ToCs in mixed-autonomy flow. Against this backdrop, this paper revisits key
findings from our previous studies [12]-[14] and, within this scope, presents additional
results (Section 4). Specifically, it exhibits time headway distributions and lane-change
patterns to complement capacity-related findings in [14], and it adds safety-relevant
metrics to further discuss network-level consequences of ToCs.

2. Control transitions in Level 3 conditional driving

Control transitions denote the bidirectional transfer of authority over the driving task
between a human driver and the vehicle automation, constituted by a reallocation of
longitudinal and/or lateral control authority and responsibility [15]. In this paper, tran-
sitions of control refer to automation-to-driver handovers in Level 3 conditional driving,
where the system must prompt the driver to resume control when ODD boundaries are
approached or system limits are reached [1]. Such prompts are issued as a takeover
request (ToR) via the HMI, and their design can influence how quickly drivers return at-
tention to the driving task [16], [17]. Since Level 3 permits engagementin non-driving re-
lated tasks, drivers may be less prepared at ToR, which can prolong takeover time [15],
[18]-[20] and degrade post-takeover control [17], [21].

For these system-initiated, non-emergency transitions, the key timing relation is be-
tween the available lead time provided by the system? and the driver’s takeover time
required to re-establish situational awareness and stabilize manual vehicle control. If
takeover time remains within the available lead time, the transition is considered suc-
cessful, but may still involve a brief transient in performance [17]. Takeover time alone
is not a sufficient indicator of quality, since rapid takeovers can still compromise post-
transition stability [22], while takeover timing and control quality also depend on traffic
and task demands. In particular, dense traffic has been shown to prolong takeover
time and degrade post-takeover performance [5]. If takeover time exceeds the avail-
able lead time, the transition is unsuccessful and the system must initiate a fallback
called a minimum risk manoeuvre (MRM) to reach a safe state. In addition, ToR lead
time and trigger policy affect takeover timing [17], [21], while HMI modality and content
influence post-transition performance [23], [24].

Existing ToC modelling is typically split between driver-centred takeover behaviour
and automation-centred takeover requests and fallback manoeuvres, while an inte-
grated representation of the full transition process is largely missing. SUMO addresses
this gap with its ToC device [9], [10]. It enables switching between automated and
manual driving by changing parameter sets in the underlying car-following models, or
by substituting one model for another. The device represents the key phases of a tran-
sition, including an automated preparation phase after a takeover request and a tem-
porary reduction in driver performance after control is resumed. Figure 1 summarises
this logic as a state machine.

1Subject to regulatory requirements; currently T.,q = 10s in UN R157 [6].
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Figure 1. State machine representation of the SUMO logic for transitions of control. In automated driving,
a takeover request activates the preparation phase. A successful transition occurs if At < Tgaq
and leads to reduced driver performance followed by manual driving. Otherwise, the transition
is unsuccessful and the model enters the MRM state, which persists until driver intervention
(or a minimum risk condition, typically standstill).

In SUMO, a successful control transition is represented by two coupled mechanisms
that shape the trajectory in Figure 2. First, the ToR triggers a ToC preparation phase
in the automated vehicle (AV) during which the automation can reduce speed to build
additional headway to the leading vehicle and thereby increase the available time bud-
get for takeover [6], [9]. Second, once the driver resumes control, the model accounts
for temporarily reduced driver performance and a recovery toward normal manual driv-
ing, which can manifest as a transient in speed and car-following behaviour after the
handover [9].
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Figure 2. Schematic timeline of a successful transition of control in a car-following situation. At t;, a ToR
initiates a preparation phase in automated mode, during which the automation reduces speed
to increase the headway from g, to g,. At t,, manual control is resumed and a transient phase
of reduced driver performance follows before returning to steady manual driving.

Extending the single-vehicle ToC mechanism to a multi-vehicle setting, Figure 3 il-
lustrates how the ToC preparation phase interacts with car-following dynamics in a
platoon. The simplified single-lane experiments use identical vehicle parametrization
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and consider a 100% AV platoon in panel (a) and a 50/50 AV—-MV mix in panel (b)?.
Across both compositions, successive preparation phases introduce speed reductions
that propagate upstream. When consecutive AVs enter the preparation phase while
already embedded in disturbed flow, they start from lower speeds and altered spac-
ing, which requires stronger and/or earlier deceleration to build the desired headway
within the same lead-time constraint. As a result, the disturbance accumulates along
the platoon, with differing severity between panels (a) and (b) while the characteristic
upstream amplification persists in both cases.
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Figure 3. Speed trajectories in simplified single-lane platoon experiments illustrating upstream accu-
mulation of ToC-induced speed reductions during the preparation phase. Panel (a) shows a
100% AV platoon. Panel (b) shows a 50/50 AV—-MV mix. In both cases, successive prepa-
ration phases introduce speed reductions that propagate upstream and become increasingly
pronounced along the platoon, even when individual ToCs are successful.

3. Simulation experiment setup

To translate the control transition mechanisms discussed above into a reproducible
traffic-flow experiment, we implement a SUMO scenario on a real-world motorway
network with a hypothetical localised ODD-limited zone that triggers system-initiated
takeovers. Whereas the platoon experiments in Figure 3 illustrate ToC effects under
idealised conditions, the baseline for the motorway flow was calibrated to real-world
detector data. Level 3-capable AVs are then introduced into this calibrated stream to
form mixed-autonomy scenarios. The ToC device is parameterised in line with R157.3

2Manual vehicles (MVs) use SUMO’s default model; AVs are emulated using the ACC model [25], [26].
3For a detailed description of the replicated simulation setup and calibration, we refer to [14].
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3.1. Scenario

Figure 4 provides an overview of the setup. Panel (a) shows a use case with a lo-
calised ODD boundary when vehicles approach a no-automated driving area, and the
lower subpanel shows the end of the ODD zone in an exemplary SUMO snapshot with
dedicated vehicle colours indicating different driving states. Panel (b) depicts the sim-
ulated network and the ODD-limited zone. Panel (c) summarises heterogeneity across
vehicle classes by showing the distributions of four key behavioural variables.
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Figure 4. Simulation experiment setup. (a) ToR transmission along the transition area via an RSU, and
SUMO GUI snapshot illustrating the end of the ODD-limited zone with vehicle colours indicating
the driving state. (b) Simulated German motorway network with the ODD-limited zone. (c)
Vehicle-class parameterisation shown as distributions for four key behavioural parameters.
MV=Manual vehicle; AV=Automated vehicle; LGV/HGV=Light/Heavy good vehicle.
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Figure 4, panel (a) illustrates a concept for the ToR transmission along the transition
area via a roadside unit (RSU) to V2X-capable connected automated vehicles. This
idea is introduced to enable a comparison between different approaches on handling
ODD boundaries from a infrastructure and management perspective. A rather simple,
but practical approach would be to mandate ToRs at the downstream ODD boundary,
leading to ToCs clustering near the end of the ODD zone (unmanaged case). On the
contrary, a more sophisticated, heuristic approach to dispatch the ToR timing is applied
via the scheduling algorithm in [9] to facilitate a management of ToCs (managed case).

3.2. Replicating capacity reductions

As a first step, we replicated the capacity results reported in [14] to validate our imple-
mentation and to obtain consistent traffic demand levels for subsequent analyses. For
each traffic composition with increasing AV share, we determine the maximum flow q
in veh/h in the simulation for three cases: "No ToCs” serves as a baseline without con-
trol transitions. "Unmanaged” triggers ToCs at the end of the ODD zone. "Managed”
distributes ToR timing for AVs within the transition area. Figure 5 summarises the repli-
cated capacities across compositions.
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Figure 5. Maximum flow q as a measure of capacity across traffic compositions with increasing AV share
for the three ToC cases. Lines and bars indicate the mean across simulation seeds, and error
bars indicate variability across seeds. The colour coding follows the legend.

Compared to the no-ToC baseline, control transitions reduce capacity noticeably in
the managed case, and even more so in the unmanaged case. Up to 10% AV share,
capacities remain close to the baseline, whereas a clear drop becomes visible at 20%
AV share. With further increases in AV share, the capacity loss grows, with the managed
case mitigating some of the losses compared to the unmanaged case, which is most
affected.

3.3. Further analyses and performance measures

For the subsequent analyses, we conduct ten simulations for each parameter combi-
nation (case and traffic mix) with different random seeds for stochastic vehicle inser-
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tion. For each composition and case, the input flow is set to the replicated capacity
q from Figure 5. The vehicle type parametrisation scheme, including the ToC model
parameters, follows [14, Table 2]. Driver takeover time after a ToR follows a skewed
distribution with mean 7s, consistent with [12]. Under this configuration, fewer than 3%
of ToCs across all runs exceed the regulated lead time T\, = 10 s and therefore trigger
only brief MRMs of about 1-3s.# Each simulation runs for 90 minutes, with a 30 min
warm-up period to populate the network. All reported measures are computed over the
remaining 60 min interval.

We assume AVs operate in Level 3 automated mode up to 100 km/h and remain
automated until the end of the ODD zone. Vehicles are inserted upstream of the ODD
zone in the northbound direction on one of two lanes and start in their respective initial
driving mode, as shown in Figure 4(b).> They continue along the motorway segment
and leave the network at the downstream boundary.

Within the ODD zone, we evaluate additional metrics. Time headway distributions are
computed from vehicle trajectories, and lane-changing activity is derived from SUMO
lane-change outputs. Safety-relevant interactions are quantified using surrogate safety
measures (SSMs), specifically time-to-collision (TTC) [27] and modified deceleration
rate to avoid a crash (MDRAC) [28], obtained via SUMQO'’s dedicated SSM device.

4. Results

We next quantify the differences between managed and unmanaged operation across
AV shares, with demand set to the replicated capacity levels.

4.1. Time headway distributions

Figure 6 shows time headway distributions across AV shares for the unmanaged (blue)
and managed (gray) cases. With increasing AV penetration, headways shift to larger
values and the distribution broadens, with the strongest changes occurring without man-
agement. When ToRs are scheduled, both the mean and the spread are reduced at a
given AV share, consistent with the capacity trends noted in Section 3.2 (Figure 5).

4.2. Lane-changing effects

To characterise the ToC-related capacity losses, Figure 7 reports lane-change rates
within the ODD zone as differences relative to the no-ToC baseline, expressed as
events per 1000 veh/h at capacity. Panel (a) illustrates that excess lane-changing ac-
tivity increases with AV share across traffic mixes. At low to mid AV shares from AV10
to AV40, the managed case exhibits higher rates than the unmanaged case, whereas
from AV50 onward the ordering reverses and the difference increases with AV share.
Panel (b) highlights that this activity is spatially structured. In managed runs, lane
changes are concentrated near the ODD start and decay along the zone, while un-
managed runs show more dispersed activity with a build-up toward the ODD end. The

“MRMs with prolonged non-response can significantly disrupt traffic and are a central topic in current research on
operationalisation and management, particularly in Level 4 automation. Yet, while MRMs are modelled in SUMO,
they are not the focus of this study. Their impact is intentionally kept minor through the parametrisation to avoid
obscuring the transitional impacts caused by the ToC preparation phase in more prevalent successful ToCs.

SHGVs are inserted on the right lane only.
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Figure 6. Time headway distributions for traffic mixes AV10-AV85, comparing Unmanaged and Man-
aged ToC operation. The mean of each distribution is indicated by a vertical line.



Alms & Wagner | SUMO Conf Proc 7 (2026)

spatial profiles are consistent with the aggregate rate differences in panel (a) for the
same traffic mixes.

Lane-change rate difference relative to no ToCs at capacity
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Figure 7. Lane-change rates within the ODD zone for managed and unmanaged operation. Rates are
reported as events per 1000 vehicles and normalised to the no-ToC baseline to correct for
throughput differences. (a) Differences in lane-change rate at capacity as a function of traffic
mix. Error bars denote the standard error across seeds. (b) Binned lane-change profiles along
the ODD zone for AV30-MV70 and AV70-MV30. Vertical lines indicate the ODD boundaries.

Itis important to note that AVs do not change lanes during the ToC preparation phase.
The observed patterns therefore primarily reflect reactive manoeuvres by surrounding
vehicles in response to ToC-induced disturbances. The downstream concentration in
the unmanaged case is consistent with more disruptive interactions near the capacity-
critical ODD end and aligns with the higher mean headways and increased occurrence
of large headways in Figure 6.

4.3. Safety impacts

Figure 8 summarises safety-relevant interactions in the ODD-limited motorway scenario
using the SSM pair TTC and MDRAC. Event counts are reported per simulation hour
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and separated into inter-vehicle and intra-vehicle interactions. Overall, the unmanaged
case exhibits consistently higher event rates than the managed case, with the clearest
separation in the inter-vehicle panels. Across mixes, both TTC and MDRAC follow a
non-monotonic pattern, reaching their highest levels at low-to-moderate AV penetration
(around 20-40%) and decreasing toward higher AV shares. Inter-vehicle event rates
exceed intra-vehicle event rates, suggesting that safety-relevant interactions are dom-

inated by conflicts between different vehicle classes due ToC-induced disturbances.
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Figure 8. SSM event frequency across traffic mixes as average events per hour for managed and un-
managed operation. Top panels show inter-vehicle conflicts; bottom panels show intra-vehicle
conflicts. TTC events are counted for 0-8s (left), and MDRAC events for > 0.2m/s? (right).
Both cases are evaluated at the same demand level, defined by the unmanaged case at
v/c = 1, to avoid throughput-driven bias in event counts.

5. Discussion

The additional results complement our previous findings on ToC-induced traffic impacts.
We discuss three key points. First, our capacity analysis in [14] reported a mismatch at
intermediate mixed-autonomy shares between capacity reductions predicted from sim-
plified single-lane numerical experiments and the capacities measured in the full two-
lane scenario (Figure 5). We attributed this underprediction in part to lane-changing
interactions that are absent in the single-lane setting. The new results in Figures 6
and 7 provide evidence for this missing mechanism. They show that ToC-induced dis-
turbances shift time headway distributions toward larger values, and that these distur-
bances are accompanied by systematic changes in lane-changing activity that depend
on the ToR strategy. In the unmanaged case, the concentration of ToCs at the down-
stream ODD boundary is associated with higher lane-changing activity in its vicinity,
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inducing local disruptions that propagate upstream. In contrast, managed operation
triggers ToRs earlier, shifting ToCs toward the beginning of the ODD zone and relo-
cating the resulting reactive lane changes away from the downstream boundary, which
mitigates disruptive impacts. Together, these patterns help explain why intermediate
AV shares exhibit stronger capacity losses than predicted by single-lane experiments
alone.

Second, our previous study [13] investigated ToC-related safety effects in a differ-
ent ODD-limited use case with no Level 3 automated driving above 60 km/h and re-
ported detrimental safety impacts with increasing AV shares. To provide a fuller pic-
ture of safety implications in mixed-autonomy traffic, we therefore evaluated SSMs for
the use case considered in this paper (Section 3.1). The results indicate pronounced
ToC-related safety impacts at low to mid AV shares (10-40%), which are substantially
reduced under managed operation. Inter-vehicle event rates are consistently higher
than intra-vehicle event rates by up to about 70%, suggesting that safety-relevant in-
teractions are dominated by conflicts between different vehicle classes. This pattern is
consistent with the lane-change findings, in that ToC-induced disturbances can trigger
reactive lane-change manoeuvres and increased braking activity in surrounding traffic,
particularly when ToCs concentrate near the downstream ODD boundary. At higher AV
shares, safety benefits appear to counterbalance some ToC-induced impacts. The ca-
pacity recovery in the no-ToC baseline (cf. Figure 5 and the concurrent decline in SSM
event rates are consistent with a smoother, more homogeneous flow governed by AV
behaviour, in which ToC-induced disturbances and the associated reactive lane-change
manoeuvres become less disruptive.

Third and last, our first study [12] investigated the traffic-efficiency performance of
different ToR timing methods in a use case comparable to that of this paper. We sub-
sequently extended this analysis by testing more recent algorithms, which performed
notably better on the optimisation task. This also clarified that improving, or at least
maintaining, traffic efficiency involves a trade-off between competing objectives once
maximising automated driving distance is included as an additional objective. Over-
all traffic efficiency, consistent with the observed capacity reductions, is significantly
reduced by ToCs. While traffic-management measures can alleviate some of these
detrimental effects, they cannot restore baseline conditions. A short summary of the
follow-up investigation is provided in Appendix A.

6. Conclusion

Transitions of control introduce disturbances into the traffic stream. While the local im-
pact of an isolated transition may be minor, frequent transitions in dense traffic can accu-
mulate, and their disruptive effects can propagate upstream even when every takeover
succeeds. In our experiments, these effects arise from the preparatory gap-opening be-
haviour implemented to ensure safe takeover conditions, represented in SUMO'’s ToC
device through an open-gap control mechanism. Although potential traffic-management
measures can partially mitigate these adverse impacts, the underlying out-of-the-loop
problem of automation inherent to Level 3 conditional driving with control transitions
cannot be fully resolved.
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A. Appendix

Figure 9 shows additional data points from follow-up reinforcement learning (RL) train-
ing runs based on the experiments originally presented in [12]. This study investigated
the performance of different traffic management methods for ToR timing in an ODD
zone, comparing heuristic approaches with RL models. Each data point in the figure
corresponds to a trained policy or a heuristic solution, evaluated in a use case that fol-
lows the setup of this paper but uses a slightly different traffic composition and corridor
length. Training was performed with an updated version of Stable Baselines3 [29], de-
ploying TD3 [30] and PPO [31] algorithms. Across managed operating points, average
travel time differs by up to about 25%, indicating substantial efficiency differences as-
sociated with the distance travelled in automated mode. The RL task turned out to be a
multi-objective optimisation problem with competing objectives, namely maintaining au-
tomated driving operation within the ODD zone and ensuring sufficient traffic efficiency.

Overall, the results highlight a trade-off between traffic efficiency and automated driv-
ing distance when ToR timing is managed within an ODD-limited zone.

Trade-off: Avg. Travel Time vs Automated Distance
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Figure 9. Average travel time versus automated driving distance, illustrating the performance trade-off in
managing ToR timing. Outlined markers denote non-dominated samples, and the dotted line
provides a linear approximation of the Pareto front. The arrow indicates the preferred direction
of improvement, with lower travel time and longer automated distance. The baseline point
for the unmanaged case lies in a post-breakdown traffic regime and is therefore not directly
comparable to the other data points for managed operation; it is shown for context, and the
dotted line is extrapolated toward this point.
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