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Abstract: Urban signalized intersections remain safety-critical despite phase-based
control, particularly in scenarios where right-turning vehicles and straight-going Vulner-
able RoadUsers (VRUs) approach from the same direction andmay enter a shared con-
flict area with overlapping arrival times. This risk is amplified by the increasing preva-
lence of electric bicycles, whose higher speeds and accelerations reduce the avail-
able reaction time. Green Light Optimized Speed Advisory (GLOSA) can improve effi-
ciency by coordinating vehicle approach speeds with Signal Phase and Timing (SPaT),
but conventional implementations are largely vehicle-centric and do not explicitly man-
age VRU conflicts. This paper presents a VRU-aware GLOSA that augments classi-
cal SPaT-based speed advice with a conflict-aware safety overlay. We evaluate three
strategies in SUMO: baseline (no advisory), classical queue-compensated GLOSA, and
VRU-aware GLOSA. The simulation is based on a digital twin of a real-world signalized
intersection in Ingolstadt, Germany. Results demonstrate that VRU-aware GLOSA suc-
cessfully improves safety by reducing conflicts and increasing temporal gaps, while also
enhancing traffic flow through fewer vehicle stops across diverse bicycle types and rid-
ing styles.

Keywords: Vulnerable Road Users (VRUs), Green Light Optimized Speed Advisory
(GLOSA), Right-Turn Conflicts, Safety, Bicycle Riding Styles

1 Introduction

Vulnerable Road Users (VRUs), such as pedestrians and cyclists, are the most at-risk
participants in urban traffic, accounting for more than 50% of global road traffic fatalities
[1]. At signalized intersections, conflicts between right-turning vehicles and straight-
going VRUs during permissive green phases remain a critical safety concern, driven by
limited driver visibility due to vehicle blind spots and the inherently variable behavior of
VRUs [2]. The growing prevalence of electric bicycles with higher operating speeds fur-
ther amplify these risks by reducing driver reaction times and increasing the likelihood of
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misjudgment [3], [4]. Given the European Vision Zero [5], which aims to eliminate traffic
fatalities by 2050, effective measures to reduce VRU-related risks are essential. Com-
mon approaches, such as dedicated signal phases and sensor-based driver warning
systems, can reduce conflicts but often compromise traffic efficiency and intersection
throughput due to abrupt braking or delays. Proactive vehicle control is therefore es-
sential to jointly enhance VRU safety and traffic efficiency. It has also been shown to
build trust and improve perceived safety from a VRU perspective [6], [7]. To address
this, we present a VRU-aware Green Light Optimized Speed Advisory (GLOSA) system
that incorporates VRU interactions into vehicle speed guidance.

1.1 GLOSA and Eco-Driving at Signalized Intersections

GLOSA is a well-established approach for proactively optimizing vehicle speed on sig-
nalized road networks to improve traffic efficiency. It estimates a vehicle’s expected
arrival time at the next traffic light based on its current position and dynamic state, and
predicts the upcoming signal phases using Signal Phase and Timing (SPaT) informa-
tion. Based on this, an optimal speed within legal limits is computed, deciding whether
to maintain, accelerate, or decelerate to efficiently pass the intersection during a green
phase [8]–[10]. Existing GLOSA implementations predominantly rely on physics-based
calculation models, whereas advanced eco-driving approaches formulate speed op-
timization as an analytical [11], [12] or AI-based problem [13]–[15]. Several studies
further extend classical GLOSA by incorporating queue awareness, as preceding ve-
hicles and waiting queues have been shown to negatively affect its performance [13],
[16]. GLOSA can be deployed in mixed traffic environments, either by providing advi-
sory speeds to human-driven Connected Vehicles (CVs) or by directly controlling Con-
nected and Automated Vehicles (CAVs). Prior studies consistently report improvements
in travel time, waiting time, fuel consumption, and emissions, even at moderate pene-
tration rates, with observed positive impacts on non-equipped vehicles [8].

At urban signalized intersections with right-turn vehicle–VRU conflicts, smoother ve-
hicle behavior does not necessarily prevent temporal overlap, as both road users may
still enter the shared conflict area within insufficiently separated time windows. Conse-
quently, safety-related indicators may remain unchanged even when upstream traffic
flow becomes smoother. This limitation motivates extension of GLOSA that explicitly
account for VRU interactions to enhance safety. However, existing GLOSA research
predominantly focuses on efficiency metrics while safety impacts are less frequently
evaluated and rarely analyzed in the context of VRUs [8]–[10].

1.2 Vulnerable Road Users in GLOSA

Current GLOSA and eco-driving designs do not explicitly account for VRUs. From an
efficiency perspective, this leaves unused potential since right-turning vehicles – after
crossing the stop line – still need to brake and wait for passing VRUs. From a safety
perspective, critical right-turn vehicle–VRU conflicts remain largely unaddressed. In-
tegrating VRU-awareness into GLOSA offers the potential to simultaneously improve
vehicle efficiency and VRU safety. Sensor-equipped testbeds, such as the High Def-
inition Testbed (HDT) in Ingolstadt [17], as well as CVs acting as Floating Car Ob-
servers (FCOs) [18] and continuously broadcasting their local perception via Vehicle-
to-Everything (V2X) communication, can provide the necessary VRU state information
in real-world settings. However, the extent to which VRU-aware GLOSA can enhance
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safety and efficiency under realistic traffic conditions remains unclear. This motivates a
controlled evaluation in a digital twin of a real-world intersection, establishing baseline
expectations for subsequent studies on real-world testbeds that consider perception,
communication, and prediction uncertainties and latency.

1.3 Bicycle Types and Riding Styles

Cyclists are highly vulnerable in right-turn conflicts with vehicles [2]. The risk is partic-
ularly elevated for higher-speed electric bicycle types such as e-bikes and S-pedelecs,
with e-bikes typically limited to electric assistance up to 25 km/h and S-pedelecs up
to 45 km/h. Given their diverse dynamic characteristics, it is essential to account for
variations in bicycle type and riding styles when analyzing safety and efficiency at sig-
nalized intersections. However, research on realistic bicycle behavior models remains
limited, largely due to scarce high-resolution data on speed profiles, acceleration, and
braking characteristics. Existing evidence primarily stems from (i) naturalistic cycling
studies and (ii) controlled experiments. Naturalistic studies consistently show that op-
erating speeds depend on both bicycle type and rider attributes: S-pedelecs exhibit
the highest speeds, and age is a strong determinant of cycling speed [19], [20]. They
further indicate that switching from a conventional bicycle to an e-bike increases travel
speeds and alters braking behavior, implying modified interaction dynamics at shared
conflict points [21]. Experimental studies complement these findings by quantifying dif-
ferences in riding performance and longitudinal control, revealing systematic variations
for older riders as well as differences in acceleration and braking characteristics rel-
evant for trajectory prediction and conflict assessment [22], [23]. Importantly, several
studies highlight a confounding effect between bicycle type and rider age group: older
riders are overrepresented among e-bike users and tend to ride more slowly, potentially
masking the higher assisted capabilities of these bicycles when analyses do not stratify
by age [19], [20]. Overall, the limited availability of differentiated behavior models and
the confounding between bicycle type and rider characteristics indicate a clear need for
systematic research that disentangles their effects on safety and efficiency at signalized
intersections.

1.4 Contributions

Building on the research gaps outlined above, this paper makes the following contribu-
tions:

• We develop a VRU-aware GLOSA that augments classical GLOSA with a VRU-
aware overlay, combining SPaT information with predicted arrival times to antici-
pate right-turn conflicts and optimize speed accordingly.

• We evaluate the proposed VRU-aware GLOSA in comparison to classical GLOSA
without VRU awareness and a no-GLOSA baseline within a digital twin of our
testbed intersection, modeling realistic traffic conditions. The evaluation jointly
examines safety and efficiency metrics, with a specific focus on right-turn conflicts
between vehicles and cyclists.

• In a second approach, we model realistic bicycle types and riding styles within
the simulation and systematically evaluate the VRU-aware GLOSA to assess how
diverse behavior characteristics influence safety and efficiency outcomes.
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To support further research, we make the source code and VRU-integrated digital
twin developed in this work available at: https://github.com/urbanAIthi/VRU_Aware_
GLOSA.git.

2 VRU-aware Green Light Optimized Speed Advisory

In this work, we enhance classical GLOSA by integrating explicit awareness of right-
turn conflicts with straight-going VRUs into signal-based speed advisory. The proposed
VRU-aware overlay comprises two core components: conflict prediction and speed
optimization. Operating in parallel with classical GLOSA, the overlay proactively delays
right-turning vehicles upstream of the stop line by overriding the nominal speed advisory
when conflicts are predicted, thereby ensuring temporal separation.

Conflict Prediction: We define a VRU-aware activation region covering the last 50me-
ters upstream of the stop line, within which all vehicles and VRUs are evaluated for
potential conflicts. The algorithm takes as input the upcoming signal phases as well
as the current kinematic states of vehicles and VRUs. For each right-turning vehicle,
the estimated time-to-arrival (ETA) at the junction, 𝜂veh, is computed from its remaining
distance 𝑑veh, speed 𝑣GLOSA, and acceleration – defined by classical GLOSA – using a
queue-aware kinematic model [13]. For each candidate VRU, we predict whether it will
traverse the intersection by jointly considering (i) the SPaT forecast for the correspond-
ing VRU signal group and (ii) the VRU ETA, 𝜂vru. A conflict is detected if the vehicle
and VRU ETAs overlap within a symmetric time window Δ𝑡 (Eq. (1)). We set Δ𝑡 = 2 s
as a conservative minimum temporal separation threshold. This is motivated by gen-
eral road-safety guidance underlying the widely used two-second rule, which supports
sufficient reaction time and conflict avoidance [24]. Multiple VRUs may conflict with a
single vehicle, resulting in a set of conflicting VRUs 𝒞.

|𝜂veh − 𝜂vru| ≤ Δ𝑡, Δ𝑡 = 2 s (1)

Speed Optimization: Vehicle motion is initially governed by classical GLOSA, operat-
ing in parallel. We employ the queue-aware GLOSA proposed in [13] as the nominal
advisory layer. This approach combines SPaT information with queue effects from pre-
ceding vehicles to derive a feasible speed advisory, since queue interactions can ad-
versely affect GLOSA performance under high traffic demand. To account for straight-
going VRUs, the nominal speed advisory is overridden by a conservative yielding strat-
egy whenever a potential right-turn conflict is predicted (see Algorithm 1). This strategy
deliberately delays vehicles upstream of the stop line to enforce sufficient temporal sep-
aration. The yielding speed is computed using a classical kinematic model to ensure
that the vehicle reaches the intersection at leastΔ𝑡 after the last conflicting VRU, defined
as

𝑣yield =
𝑑veh

𝜂vru,last + Δ𝑡 (2)

where 𝑑veh denotes the vehicle’s remaining distance to the conflict point. Here, 𝜂vru,last
denotes the latest predicted arrival time among all VRUs in the conflict set 𝒞(𝑖), i.e.,
𝜂vru,last = max𝑗∈𝒞(𝑖) 𝜂vru,𝑗. Thus, 𝜂vru,last + Δ𝑡 defines the target ETA such that the vehi-
cle reaches the intersection at least Δ𝑡 after the last conflicting VRU, ensuring conflict
avoidance with all VRUs predicted to traverse the intersection.

https://github.com/urbanAIthi/VRU_Aware_GLOSA.git
https://github.com/urbanAIthi/VRU_Aware_GLOSA.git
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Algorithm 1 VRU-aware GLOSA overlay
Inputs: GLOSA advisory 𝑣GLOSA, vehicle/VRU states, SPaT forecast
Parameters: Temporal headway Δ𝑡

1: Compute 𝜂veh for vehicle 𝑖.
2: For each candidate VRU in range, compute 𝜂vru using the SPaT forecast.
3: Predict set of conflicting VRUs 𝒞 for vehicle 𝑖 based on overlapping vehicle and VRU ETAs.
4: if 𝒞(𝑖) ≠ ∅ then
5: Compute 𝑣yield based on remaining distance 𝑑veh and target ETA 𝜂vru,last + Δ𝑡.
6: else
7: Maintain nominal speed advisory 𝑣GLOSA.
8: end if

3 Evaluation Setup

For evaluation, we use the vehicle-centric traffic system developed in [25], which repre-
sents a digital twin of the city of Ingolstadt, featuring a realistic road network and traffic
demand modeled in SUMO [26]. It thereby serves as a realistic experimental basis for
evaluating the proposed control strategy rather than for recalibrating the full scenario.
The GLOSA algorithms are tested at a single signalized intersection, specifically the
HDT intersection (see Fig. 1), selected for its equipped infrastructure-based sensing,
high VRU volumes, and frequent right-turn conflicts, enabling future validation in real-
world settings. As an initial step to evaluate the proposed strategy in a controlled setting
while minimizing scenario complexity, our analysis focuses on a single approach (south
to north), with two lanes per direction, no overtaking, and maneuver-specific lane use.
Vehicle demand follows [25], while VRU flows are synthesized using the same tem-
poral profile and scaled to 25% of vehicle traffic, consistent with [27]. Traffic signals
operate on fixed-time control with real-world phase durations [25], allowing vehicles to
access current and future phase information. VRU signal phases are shorter than vehi-
cle phases and include a one-second head start, reflecting common VRU-prioritization
practice.

Figure 1. Real-world (left) and SUMO-simulated (right) layouts of the HDT signalized intersection, with
the approach for improving vehicle–-VRU interactions highlighted.

Two simulation studies are conducted, considering interactions between right-turning
vehicles and straight-going VRUs at the shared conflict area. VRUs are explicitly mod-
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eled as cyclists to capture their higher operating speeds, increased collision risk, and
variability in bicycle types. In SUMO, cyclists are represented as slow-moving vehi-
cles, with only speed, acceleration, and deceleration varied to reflect bicycle type and
riding style, while all other parameters remain at their default values. This simplified ab-
straction is consistent with current microscopic VRU simulation practice, where cyclists
are typically represented using adapted lane-based models [28]. Study A simulates a
real-world 12-hour period to capture time-varying traffic conditions. Study B performs a
systematic sensitivity analysis during peak hour with different bicycle behavior charac-
teristics to quantify their impact on safety and efficiency improvements of VRU-aware
GLOSA. The corresponding parameterization is summarized in Tables 3 and 4. Three
approaches are compared under identical simulation settings: (1) a baseline without
speed advisory [29]; (2) classical queue-aware GLOSA without VRU consideration [13];
and (3) the proposed VRU-aware GLOSA. All scenarios use identical SUMO default ve-
hicle dynamics and right-of-way logic. In the GLOSA scenarios, the advisory adjusts
the approach speed of equipped right-turning vehicles while SUMO’s motion logic re-
mains active. In safety-critical situations, VRU-aware GLOSA can enforce stronger but
feasible deceleration. All right-turning vehicles on the studied approach are included in
the evaluation and assumed to be CAVs, adapting to speed advisories issued at 10 Hz
to capture short-horizon interactions and dynamic traffic conditions.

Since microscopic traffic simulation is typically collision-free under normal operation,
safety is assessed using surrogate measures rather than crash counts. Accordingly,
we use Time-To-Collision (TTC), which measures the predicted time until a vehicle and
VRU would collide, and Post-Encroachment Time (PET), which captures the temporal
gap between their traversals at the shared conflict area. TTC and PET are catego-
rized into discrete intervals: TTC values are split into ≤ 1.0 s and > 1.0 s, while PET
values are reported as cumulative threshold shares at ≥ 1.5 s, ≥ 2.0 s, and ≥ 2.5 s,
highlighting the proportion of interactions attaining progressively larger temporal safety
margins. Vehicle efficiency is quantified using travel time, waiting time, number of stops,
CO2 emissions (based on SUMO’s standardized EURO4 vehicle model), and red-wait
time (time stopped while the next signal is red). All safety and efficiency metrics are
computed exclusively for right-turning vehicles on the evaluated approach. Safety out-
comes are reported as absolute percentage point (pp) differences, whereas efficiency
metrics are expressed as relative percentage changes averaged over all right-turning
vehicles.

4 Study A: Real-World Setting with Mixed Bicycle Traffic

Study A evaluates the three strategies (baseline, classical GLOSA, and VRU-aware
GLOSA) over a 12-hour period (00:00–12:00) using the digital twin described in Sec-
tion 3. Bicycle traffic is modeled as a 50/50mixture of conventional bicycles and e-bikes,
reflecting recent market sales shares in Germany [30]. Bicycle riding styles are param-
eterized using average edge speeds from the naturalistic cycling dataset presented in
[20].

Safety outcomes, summarized in Table 1, indicate that VRU-aware GLOSA substan-
tially improves temporal separation between right-turning vehicles and VRUs. For PET,
the share of interactions with large temporal gaps increases substantially: VRU-aware
GLOSA yields 54% of interactions with PET ≥ 2.5 s, compared to only 2% for the base-
line and 5% for classical GLOSA, corresponding to gains of 52 and 50 percentage
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points. Similar improvements are observed at PET thresholds of 2.0 s and 1.5 s, indicat-
ing that a larger share of interactions attains progressively safer temporal separations.
TTC analysis confirms these findings: critical conflicts with TTC ≤ 1 s decrease from
around 72% for the baseline and 70% for classical GLOSA to 41% with VRU-aware
GLOSA, corresponding to a reduction of about 30pp. In contrast, classical GLOSA of-
fers marginal improvement over the baseline in PET and TTC, underscoring that explicit
consideration of VRUs is essential for safe right-turn maneuvers.

Table 1. Study A: Safety outcomes of right-turn vehicle–VRU interactions (PET and TTC shares) and
gains relative to baseline and classical GLOSA in percentage points (pp, with negative values
giving improvements).

Parameter Time Threshold Baseline GLOSA
VRU-aware

GLOSA

Gain over

Baseline (pp)

Gain over

GLOSA (pp)

3*PET ≥ 1.5 s 86.5% 86.6% 90.8% -4.3 -4.2

≥ 2.0 s 60.6% 60.5% 77.5% -16.9 -17.0

≥ 2.5 s 2.4% 4.7% 54.3% -51.9 -49.6

2*TTC ≤ 1.0 s 71.8% 70.3% 40.5% +31.3 +29.8

> 1.0 s 28.2% 29.7% 59.5% -31.3 -29.8

Efficiency improvements for right-turning vehicles are summarized in Table 2. Both
classical and VRU-aware GLOSA slightly increase average travel time (by up to 2%)
due to conservative driving behavior. However, VRU-aware GLOSA reduces stops by
around 21% relative to classical GLOSA and 32% relative to the baseline, enhancing
traffic smoothness. Waiting and red-light times increase slightly compared to classi-
cal GLOSA, reflecting safety-driven yielding, while CO2 emissions remain largely un-
changed. Overall, VRU-aware GLOSA improves traffic flow by significantly reducing
idling and stop-and-go events while maintaining VRU safety, thereby effectively bal-
ancing the trade-off between efficiency and safety.

Table 2. Study A: Right-turn vehicle efficiency and relative improvements (negative values indicate
gains).

Parameter Baseline GLOSA
VRU-aware

GLOSA

% Change

vs Baseline

% Change

vs GLOSA

Avg. Travel Time (s) 60.7 61.4 61.7 +1.6% +0.5%

Avg. Waiting Time (s) 16.5 10.3 10.9 -34.0% +6.1%

Avg. Stops (count) 0.9 0.8 0.6 -32.2% -21.3%

Avg. CO2 (g) 152.7 147.4 147.3 -3.5% -0.1%

Avg. Red-Wait Time (s) 34.7 26.3 27.1 -21.9% +3.0%

5 Study B: Systematic Comparison across Bicycle Behavior
Models

Study B conducts a systematic sensitivity analysis during peak hour (11:00–12:00) to
quantify how diverse bicycle behavior characteristics affect safety and efficiency im-
provements of VRU-aware GLOSA. We model nine behavior models by combining
three bicycle types (conventional bicycle, e-bike, S-pedelec) with three age groups
(<40, 40–60, >60) representing diverse riding styles. Each scenario includes only one
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bicycle-type/age-group combination with the full VRU demand assigned, thereby iso-
lating the effect of each behavior model. Desired speeds are parameterized as age-
dependent edge speeds based on a naturalistic cycling dataset [20], as presented in Ta-
ble 3. Longitudinal dynamics – comfort acceleration, comfort deceleration, emergency
deceleration – for conventional bicycles and e-bikes are adopted from [23]. For S-
pedelecs, comfort acceleration is derived from [19], emergency deceleration is conser-
vatively set to 5.0 m/s2, and comfort deceleration is computed using the mean comfort-
to-emergency ratio reported in [23]. All acceleration and braking parameters are sum-
marized in Table 4.

Table 3. Desired bicycle speeds by age group (km/h).

Age Group Conv E-bike S-ped

< 40 21.04 23.65 29.14

40–60 19.82 22.69 29.00

> 60 15.21 19.05 17.61

Table 4. Bicycle acceleration and braking parameters (m/s2).

Parameter Conv E-bike S-ped

Comfort Acceleration 0.45 0.70 1.20

Comfort Deceleration 1.50 1.65 2.15

Emergency Deceleration 3.60 3.66 5.00

Table 5 reports PET and TTC shares across bicycle types and rider age groups for all
three control strategies, showing that the safety improvements observed in Study A per-
sist across diverse riding behavior. Across all age groups, VRU-aware GLOSA consis-
tently increases the share of interactions with larger temporal separations, particularly
for higher thresholds (PET≥ 2.5 s), reflecting enhanced conflict mitigation relative to the
baseline and classical GLOSA. The improvements are most pronounced for younger
riders (< 40) and faster bicycle types (e-bikes and S-pedelecs). Likewise, TTC distribu-
tions reveal a substantial reduction in critical encounters (TTC ≤ 1 s) under VRU-aware
GLOSA, demonstrating that the overlay effectively reduces high-risk right-turn interac-
tions across diverse behavior characteristics.

With respect to right-turn vehicle efficiency across bicycle types and riding styles,
VRU-aware GLOSA reduces the number of stops by 15–33% compared to classical
GLOSA and by 24–33% relative to the baseline (see Table 6), indicating smoother
traffic flow. Average travel times increase slightly for older riders relative to classi-
cal GLOSA, while younger riders cause modest reductions compared to the baseline.
Waiting and red-light times show minor variations with bicycle type and rider age, re-
flecting the safety-driven yielding of the overlay, while CO2 emissions remain largely un-
changed. Overall, the results indicate that VRU-aware GLOSA can preserve its safety
benefits while reducing stop-and-go events even under heterogeneous bicycle behav-
ior, though the extent of improvement depends on riding speed. While it may introduce
minor increases in travel time due to prioritizing safety, these effects diminish as bicycle
speeds increase.
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Table 5. Study B: PET and TTC shares (%) for right-turn vehicle–VRU interactions across bicycle types
and rider age groups.

2*Age Group 2*Threshold Baseline GLOSA VRU-aware GLOSA
Conv E-bike S-ped Conv E-bike S-ped Conv E-bike S-ped

PET
3*< 40 ≥ 1.5 s 63.0 57.8 52.8 61.4 58.7 43.2 84.4 78.3 66.7

≥ 2.0 s 47.8 22.2 8.3 47.7 21.7 8.1 66.7 45.7 48.7
≥ 2.5 s 2.2 2.2 0.0 0.0 4.3 2.7 42.2 39.1 43.6

3*40–60 ≥ 1.5 s 97.6 61.4 52.8 100.0 63.6 43.2 84.4 83.7 68.4
≥ 2.0 s 47.6 25.0 8.3 45.2 25.0 8.1 57.8 48.8 47.4
≥ 2.5 s 2.4 2.3 0.0 0.0 4.5 2.7 40.0 37.2 42.1

3*> 60 ≥ 1.5 s 100.0 97.6 100.0 100.0 100.0 100.0 90.0 83.7 91.9
≥ 2.0 s 63.2 21.4 0.0 60.5 16.3 2.6 72.5 53.5 51.4
≥ 2.5 s 2.6 2.4 0.0 0.0 2.3 0.0 42.5 46.5 51.4

TTC
2*< 40 ≤ 1.0 s 69.6 97.8 97.2 77.3 93.5 91.9 46.7 56.5 48.7

> 1.0 s 30.4 2.2 2.8 22.7 6.5 8.1 53.3 43.5 51.3
2*40–60 ≤ 1.0 s 50.0 97.7 97.2 54.8 93.2 91.9 46.7 51.2 52.6

> 1.0 s 50.0 2.3 2.8 45.2 6.8 8.1 53.3 48.8 47.4
2*> 60 ≤ 1.0 s 50.0 78.6 73.7 57.9 72.1 71.1 45.0 41.9 40.5

> 1.0 s 50.0 21.4 26.3 42.1 27.9 28.9 55.0 58.1 59.5

Table 6. Study B: Efficiency gains (in %) of VRU-aware GLOSA across behavior models relative to base-
line (3 vs. 1) and relative to GLOSA (3 vs. 2). Negative values indicate improvement; positive
values indicate degradation.

2*Age Group 2*Parameter Conv E-bike S-ped

3 vs 1 3 vs 2 3 vs 1 3 vs 2 3 vs 1 3 vs 2

5*< 40 Avg. Travel Time (s) +3.4 +0.9 +3.0 +0.9 +1.8 +0.3

Avg. Waiting Time (s) -25.1 +11.9 -28.2 +9.3 -30.0 +9.4

Avg. Stops (count) -31.4 -19.2 -26.5 -16.8 -30.2 -18.8

Avg. CO2 (g) -1.7 -0.1 -2.0 +0.3 -2.5 +0.1

Avg. Red-Wait Time (s) -14.7 +3.6 -15.9 +3.6 -15.9 +4.7

5*40–60 Avg. Travel Time (s) +4.2 +1.8 +2.9 +0.6 +1.7 +0.2

Avg. Waiting Time (s) -21.3 +15.7 -29.9 +7.7 -29.8 +9.7

Avg. Stops (count) -28.9 -18.0 -33.3 -23.4 -29.5 -18.0

Avg. CO2 (g) -2.0 +1.0 -2.4 -0.2 -2.5 -0.0

Avg. Red-Wait Time (s) -13.6 +4.5 -14.3 +6.1 -15.4 +5.2

5*> 60 Avg. Travel Time (s) +9.4 +7.1 +4.2 +1.9 +5.4 +3.2

Avg. Waiting Time (s) -6.7 +39.5 -22.8 +14.8 -20.6 +20.0

Avg. Stops (count) -28.2 -14.4 -32.1 -22.5 -24.5 -13.0

Avg. CO2 (g) +2.1 +4.3 -1.1 +0.9 -0.4 +1.9

Avg. Red-Wait Time (s) -5.2 +15.0 -10.6 +6.0 -10.6 +9.1
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6 Discussion and Conclusion

This paper introduced VRU-aware GLOSA, a conflict-aware extension of SPaT-based
speed advisory designed to explicitly address vehicle–-VRU interactions at signalized
intersections. The approach was evaluated in a realistic digital twin of an urban traffic
network under mixed bicycle traffic conditions. In addition, a second study systemati-
cally examined differences across bicycle types and riding styles.

Results show that VRU-aware GLOSA, in contrast to classical GLOSA, consistently
increases temporal safety margins, reflected by higher PET and TTC values, and sub-
stantially reduces critical TTC ≤ 1 s encounters relative to both the baseline and clas-
sical GLOSA. These safety improvements are achieved alongside smoother vehicle
operation, including fewer stops and largely unchanged emissions, but with slight in-
creases in average travel time due to safety-driven yielding. The systematic comparison
across bicycle types and riding styles shows that these safety benefits persist across
diverse behavior characteristics, but vary depending on bicycle dynamics and typical
operating speeds. The most pronounced safety improvements are observed for higher-
speed bicycle types, such as e-bikes and S-pedelecs, and for faster riding styles rep-
resented by younger age groups. For conventional bicycles and slower riding styles,
interactions naturally exhibit larger temporal separations, resulting in lower baseline
conflict probabilities and smaller attainable improvements. With respect to vehicle effi-
ciency, a substantial reduction in stops is achieved across all bicycle types and riding
styles, accompanied by only minor increases in delay due to safety-driven yielding. This
cost depends on bicycle dynamics: slower bicycles tend to prolong the yielding phase,
whereas faster bicycles clear the conflict area more quickly and align more effectively
with coordinated vehicle arrivals. Overall, the findings indicate that explicitly integrating
vehicle–VRU conflicts into GLOSA substantially improves safety at right-turn conflict
areas, while reducing stop-and-go behavior at the cost of small travel-time penalties.
Importantly, the results suggest increasing relevance and effectiveness of the approach
in traffic environments with growing shares of e-bikes and S-pedelecs. The study further
underscores the importance of accounting for bicycle types with different dynamics and
heterogeneous riding styles when evaluating bicycle-related traffic control strategies.

This study has some limitations. The evaluation focuses on a single signalized in-
tersection with fixed-time control, and is restricted to modeling bicycles as VRUs, while
pedestrians and e-scooters are not explicitly considered. E-scooters were not mod-
eled separately, as their legally restricted maximum speed in Germany (20 km/h) and
longitudinal speed range is largely covered by the lower-speed bicycle types included
in this study. Nevertheless, the proposed framework is directly applicable to hetero-
geneous VRU groups. A further limitation lies in the simplified representation of VRU
behavior in microscopic simulation. Both bicycle and vehicle behavior are represented
using standard SUMO models. In particular, cyclists are typically represented using
adapted vehicle-based models rather than dedicated bicycle-specific models [28], de-
spite recent work emphasizing the need for more realistic and better-calibrated cyclist
representations, particularly at intersections [31]. Consequently, while microscopic sim-
ulation provides a suitable basis for evaluating VRU-aware GLOSA, the results remain
inherently dependent on the chosen VRU abstraction level. In addition, the evaluation
assumes full knowledge of traffic states, thereby neglecting errors and uncertainties
in perception or communication. Moreover, all right-turning vehicles on the studied
approach are assumed to be equipped CAVs to isolate the upper-bound effect of the
proposed advisory.
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Future work should validate VRU-aware GLOSA in real-world testbeds, assess its
robustness under realistic infrastructure- or FCO-based sensing and communication
conditions, and examine mixed-traffic effects. In addition, VRU-aware GLOSA can be
extended to all approaches of the intersection as well as to automated intersection
control settings. Furthermore, dedicated modeling of additional VRU types, such as
pedestrians and e-scooters, together with improved empirical data on riding styles and
the integration of realistic bicycle dynamic models, would enable more realistic simu-
lations and enhance the evaluation of VRU-aware GLOSA and other bicycle-related
traffic control functions.
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