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SHORT SUMMARY

Ensuring safe interactions between vehicles and vulnerable road users (VRUs) is a critical challenge
in mixed traffic environments. This study investigates the use of multimodal trajectory predictions
to anticipate potential hazards involving VRUs and generate actionable risk warnings. A structured
framework is proposed to extract safety indicators from predicted trajectories and evaluate multiple
trigger strategies. Experimental results show that OR-logic aggregation achieves the highest overall
performance by balancing hazard detection and false alarm control, while other strategies exhibit
more conservative or imbalanced behavior. Furthermore, the choice of the number of aggregated
trajectories (K) introduces an additional trade-off, where increasing K enhances risk coverage but
may lead to reduced reliability due to more frequent warnings. These findings provide practical
guidance for the design and deployment of risk warning systems.
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1 INTRODUCTION

In mixed traffic environments, proactive safety warning systems are essential for supporting safe
interactions between vehicles and vulnerable road users. Such systems require anticipation of
potential future interactions to issue timely warnings, but future motion is inherently uncertain,
and a single deterministic prediction is insufficient to capture potential risks.

Previous studies on proactive safety warning systems have largely relied on rule-based indicators
such as time-to-collision (TTC) (Kiefer et al., 2005; |Chen et al., [2013) or deterministic trajec-
tory prediction models, such as constant velocity or kinematic models and Kalman filter-based
approaches (Wu et al.l 2014 Zhang et al. 2022)), as commonly used in advanced driver assistance
systems. While these approaches enable timely risk detection, they are limited in capturing the
inherent uncertainty of future interactions. Probabilistic and multimodal prediction methods have
been explored to represent diverse future behaviors and risk assessment (Kim & Kum), 2018; |Xiong
et al., [2018), yet their integration into systematic safety warning generation remains relatively
underexplored. A key challenge is how to aggregate these predictions into a binary decision on
whether to trigger a warning, particularly in the absence of explicit risk labels, as well as how
prediction uncertainty affects the reliability of risk warnings.

To address this, we propose a framework that leverages multimodal trajectory predictions to gen-
erate actionable safety warnings. The framework consists of four hierarchical steps: obtaining
multimodal predicted trajectories, extracting safety indicators from these trajectories, applying
different trigger strategies to each predicted trajectory, and aggregating the resulting signals to
produce a final risk alert. This structured pipeline provides a unified basis for evaluation and
enables systematic handling of prediction uncertainty.

This study is conducted as part of the PROTEKT project, which focuses on the development of
practical risk warning systems for mixed traffic scenarios. In this context, an effective proactive
warning system must satisfy three key requirements: safety, acceptability, and timeliness (Wogal-
ter et al.l 1987} Bai et al., [2025; [Weber et al., [2020). Safety ensures that hazardous situations are
reliably detected; acceptability limits false alarms to maintain user trust; and timeliness allows
meaningful intervention. These requirements motivate not only the design of the proposed frame-
work but also the subsequent evaluation of how different trigger strategies balance hazard detection
and false alarm control. Specifically, within the proposed framework, we examine several trigger



strategies—including individual signals (spatial interaction or behavioral response) and their log-
ical combinations (AND- and OR-logic)—focusing on the trade-offs between safety (sensitivity to
actual hazards) and reliability (minimizing false alarms), particularly in the absence of explicit risk
labels. By comparing these strategies across multiple predicted trajectories, the study identifies
how different approaches influence warning effectiveness and provides guidance for practical system
deployment.

The paper is organized as follows: Section 2 presents the framework and methodology, Section
3 introduces the experiments and analyzes the results, and Section 4 discusses the results and
concludes with directions for future work.

2 METHODOLOGY
Overall framework

This section presents the overall framework for leveraging multimodal trajectory predictions to
generate safety risk triggers in mixed traffic scenarios. The approach follows a four-step hierarchical
process, as illustrated in Fig. [[] First, multimodal predicted trajectories for all traffic participants
are obtained. Next, relevant safety indicators are extracted from these trajectories. The third step
applies the defined trigger strategies to each predicted trajectory, generating risk signals based
on individual or combined proxy signals. Finally, the risk assessments across multiple predicted
modes are aggregated using a Top-K approach to account for diverse possible futures, producing
actionable triggers. This structured pipeline provides a unified basis for evaluating prediction-
driven safety risk triggering.

Fig. [ shows the whole framework of this study.
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Figure 1: Example figure caption.

In this study, we utilized Multipath++ (Varadarajan et al., 2021) as the multimodal trajectory
prediction model for all traffic participants over a 3-second horizon to provide adequate lead time
for potential evasive actions. Fach traffic participant is referred to as an agent. These predicted
trajectories serve as the input for subsequent risk indicator extraction and trigger generation.

Per-Trajectory Risk Signals

Three safety indicators are first computed to assess potential conflicts between each pair of agents.
These continuous indicators are then mapped to actionable risk signals by applying predefined
thresholds, resulting in two complementary risk signals: the Interaction-based Collision Signal and
the Behavioral Response Signal.

e Interaction-based Collision Signal: This signal captures the spatial proximity and tem-
poral likelihood of a potential collision between the ego agent and other traffic participants.
It is quantified using TTC (Hydénl [1987; Nadimi et al., |2020), defined as the predicted
time remaining until a possible collision assuming constant velocities along the predicted
trajectories.

e Behavioral Response Signal: This signal reflects the ego agent’s kinematic responses
indicative of risk perception. It is quantified using Maximum Deceleration (MaxDec), rep-
resenting the largest negative acceleration, and Maximum Steering Rate (MaxSteer), repre-
senting the highest rate of change in heading angle, both over the prediction horizon. These
indicators capture evasive maneuvers such as braking or abrupt steering.

Per-trjectory Trigger Strategies

Risk triggering is based on proxy signals derived from observable motion patterns, which provide
measurable indicators of potential hazardous interactions. To investigate how these signals we



introduced above contribute to risk detection, four trigger strategies are defined, including indi-
vidual signals and their logical combinations. This formulation enables a systematic comparison
of different signal usage and integration schemes for risk triggering in the absence of explicit risk
labels.

Let I € {0,1} and B € {0,1} denote the binary activation of the Interaction-based Collision
Signal and the Behavioral Response Signal, respectively. These binary outcomes are determined
by comparing continuous indicators against thresholds that vary according to the type of agents
involved in a potential conflict (e.g., vehicle-pedestrian, vehicle-bicycle, or vehicle-vehicle), based
on prior studies and empirical adjustment. Based on these two signals, four trigger strategies are
defined:

Lonly: T =1
B-only: T =8B
OR-logic: T =1V B
AND-logic: T =1IAB
where T € {0, 1} represents the final warning trigger.

Multimodal Trigger Aggregation

Multimodal trajectory prediction typically produces multiple plausible future motion hypotheses
for each agent. However, safety warning systems require a single, actionable decision rather than
mode-specific outputs.

To aggregate risk information across multiple predicted trajectories into a unified risk trigger, we
adopt the Top-K aggregation strategy, which triggers a risk warning if any of the top-K most
probable trajectories satisfies the risk condition. In this study, our prediction algorithm generates
six trajectories per agent. Accordingly, we evaluate the Top-K logic with K = 1, 2, 3, 4, 5, 6 to
systematically analyze how including more predicted modes affects trigger activation and detection
performance.

To further analyze the inter-modal consistency of the model’s risk assessment, we additionally
examine the k-modal risk support distribution, which characterizes how many predicted modes
independently indicate a potential risk. This analysis provides insight into the consistency of risk
predictions across multiple modes and reveals how sensitive the trigger results are to prediction
uncertainty and mode diversity, enabling a systematic trade-off analysis between recall and false
alarms.

3 EXPERIMENTS AND ANALYSIS
Ezxperimental Setup

Dataset and Preprocessing: The experiments are conducted on the Waymo Open Motion
Dataset (Waymo LLC, Google Brainl 2021), which provides trajectory and state information for
traffic participants in mixed traffic scenarios, including vehicles and vulnerable road users.

Since only processed trajectory data are available, a light data quality control procedure is ap-
plied before analysis. Unrealistic interactions caused by perception noise (e.g., abnormally small
inter-object distances are filtered using geometric plausibility checks and TTC, while predicted
trajectories exhibiting abnormal kinematic behavior, such as near-zero motion or excessively high
velocities, are identified as low-quality and their contribution to safety indicator evaluation is
suppressed. These steps ensure reliable risk assessment without altering the overall data distribu-
tion, as low-quality trajectories are retained but their influence is suppressed to avoid biasing the
resulting risk-triggering outcomes.

Case Illustration: Fig. [2]illustrates a representative traffic scenario involving a potential conflict
between a left-turning cyclist and a straight-moving vehicle, highlighting the interactions between
agents and the key points considered for risk assessment. To be specific, The six predicted trajec-
tories of the ego agent (the cyclist) for 30 frames (3 s) are depicted in a warm orange gradient,
along with the surrounding agents. Along each predicted trajectory which generates a risk trigger
(solid lines), the point at which the predicted minimum TTC occurs is marked, as well as the
locations corresponding to the predicted maximum deceleration and steering rate. In addition, the
interacting agent (the vehicle) associated with the minimum TTC is highlighted, together with its
position at the corresponding time step.
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Figure 2: A representative traffic scenario

Signal Thresholding: Thresholds for converting safety indicators into actionable risk signals are
selected based on prior studies and empirical observations (Lubbe & Rosénl 2014} [Lenard et al.
[2018; [Sun et al.| 2022} Nadimi et al.,2020)), and are adapted to different interaction types. Detailed
parameter settings are provided in the Appendix.

Evaluation Metrics: Since explicit annotations of safety-critical events are unavailable, the
absolute correctness of risk detection cannot be established. Therefore, the evaluation focuses
on the relative effectiveness of different trigger strategies under a unified definition of risk, by
comparing the consistency between risk triggers derived from predicted trajectories and those
obtained from ground-truth trajectories.

To systematically assess each strategy, standard classification metrics are adopted, including recall

(R), precision (P), and F1 score 2011):

TP
R=TprFN (2)
TP
P_TP+FP (3)
2(P x R)
F1l="2 """ 4
P+R )

where TP and FP refer to the examples correctly predicted as positives and negatives, respectively,
and FN refers to the positive examples incorrectly predicted as negatives.

These metrics provide a quantitative interpretation of the operational objective of the warning
system: maximizing recall to ensure safety, maintaining adequate precision to preserve user ac-
ceptance, and capturing the trade-off between these two aspects with the F1 score as a balanced
measure of overall performance. Using these measures, the effectiveness of the four risk trigger
strategies can be compared systematically.

Trigger Strategy FEvaluation

Fig. [3] shows the Precision-Recall curves under four strategies, and Fig. [] presents the F'1 score
under different triggering strategies.

Among the four trigger strategies, it is observed that the OR-logic strategy achieves the highest
recall and precision, indicating that its warnings largely correspond to actual risks and few haz-
ardous events go undetected. In contrast, the AND-logic strategy exhibits relatively low recall
and precision, issuing fewer warnings than there are actual risks; this conservatism reduces false
alarms but increases the likelihood of missed alerts. The I-only strategy demonstrates high recall



but moderate precision, reflecting strong sensitivity to potential conflicts while producing a mod-
erate number of false positives. Conversely, the B-only strategy achieves high precision at the
cost of substantially lower recall, suggesting that behavioral cues provide reliable evidence of risk
but may fail to capture many hazardous situations. Overall, these results highlight the trade-offs
among sensitivity, specificity, and coverage across strategies.

As shown in Fig. [@] the OR-logic strategy achieves the highest Fl-score, confirming its superior
ability to balance safety and reliability. In contrast, the AND-logic strategy yields the lowest
F1l-score, indicating that its conservative nature leads to insufficient detection of hazardous events
despite reduced false alarms. The I-only and B-only strategies attain moderate F1-scores, reflecting
their complementary but imbalanced characteristics—one being more sensitive and the other more
specific.
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Figure 3: Precision-Recall curves under four strategies
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Figure 4: Comparison of F1 Scores across Top-K Trajectory Aggregation Strategies

Top-K Aggregation Analysis

To further investigate how risk information is aggregated across multiple predicted trajectories,
the impact of the Top-K aggregation strategy on system performance is analyzed. As presented
in Fig. [d] as K increases, both recall and F1l-score consistently improve, indicating that consid-
ering more predicted trajectories increases the likelihood of capturing potential hazardous events.
In contrast, precision gradually decreases with increasing K, as a larger set of trajectories also
introduces more false positives, leading to more frequent but less reliable warnings.

Moreover, the OR-logic and I-only strategies exhibit relatively stable precision and F'1-score across
different values of K, suggesting that these strategies are less sensitive to the choice of K and main-
tain consistent performance. This behavior indicates that their trigger mechanisms are inherently
more robust to variations in the number of considered trajectories.

Table[I]summarizes the frequency of risk-triggering trajectories across probability-ranked predicted



modes for the AND- and OR-logic strategies. Here, frequency is calculated as the number of
triggered trajectories at each rank divided by the total number of triggering cases under that
strategy.

For both strategies, lower-probability predicted trajectories tend to generate risk triggers more
frequently. This indicates that abnormal or extreme predicted modes, although less likely, are
more prone to satisfy risk conditions, underscoring the importance of considering multiple plausible
futures in proactive warning systems. Notably, OR-logic exhibits consistently high triggering
frequencies, reflecting its more aggressive detection behavior, while AND-logic shows a gradual
increase in frequency with decreasing trajectory probability, highlighting its conservative nature.

Table 1: Frequency of risk-triggering trajectories by probability-ranked predicted modes
for AND- and OR-logic strategies

Rank (by probability) AND-trigger Frequency (%) OR-trigger Frequency (%)

1 46.72 89.79
2 47.10 89.90
3 48.02 90.21
4 50.90 90.65
5 54.32 91.41
6 65.39 92.69

Application-Oriented Discussion

Table 2] provides a qualitative summary of these characteristics for quick reference.

Table 2: Qualitative comparison of different strategies

Strategy Safety (R) Reliability (P) Overall (F'1) Observation
I-only Relatively high  Relatively low Medium Eiﬁ;ltlve fo spatial con-
B-onl Relatively low  Relatively high ~ Medium  C-onservative behavior-
y vely ow vely hig based detection
OR-logic High Low Bost Maxmruzes coverage but
increases false alarms

) . Reduces false alarms

AND-logic Low High Worst

but misses some risks

In practical deployment, safety is the foremost concern for a proactive warning system. Among the
evaluated strategies, the OR-logic approach demonstrates the most consistent coverage of potential
hazards, while the AND-logic and single-signal strategies exhibit trade-offs between sensitivity
(safety) and specificity (reliability). Analysis of Top-K aggregation shows that, while increasing
K generally improves recall, it can also elevate false alarm rates; notably, the OR-logic and I-
only strategies exhibit relatively stable performance across different K values. These findings
highlight that, in practical deployment, both the choice of trigger strategy and the selection of an
appropriate K should be guided by application requirements to ensure reliable hazard detection
while mitigating unnecessary warnings.

4 CONCLUSIONS

This study presents a framework for leveraging multimodal trajectory predictions to generate early
safety risk warnings in mixed traffic scenarios. A structured four-step pipeline was developed, in-
cluding trajectory prediction, per-trajectory risk evaluation, application of multiple trigger strate-
gies, and aggregation across predicted modes. Two complementary risk signals—spatial interaction
and behavioral response—were employed, and four trigger strategies, including single-signal and
logical combinations, were systematically compared.



Experimental results demonstrate the distinct characteristics and trade-offs of different strategies.
The OR-logic approach consistently achieves the highest recall and F1-score, providing robust cov-
erage of potential hazards, while the AND-logic and single-signal strategies exhibit complementary
strengths and limitations. Top-K aggregation analysis further highlights that performance trends
vary with the number of considered predicted modes, indicating that both strategy selection and
parameter choice play a critical role in practical deployment.

Future work will focus on incorporating trajectory datasets with explicit risk labels. Such data
will enable systematic calibration of thresholds and aggregation parameters to reduce false alarms
while maintaining high hazard detection, thereby further enhancing the operational effectiveness
of the proposed warning system.

ACKNOWLEDGEMENTS

The work was carried out as part of the PROTEKT project. This project PROTEKT (Grant Nr.:
100757572) is co-funded by the European Union and co-financed from tax revenues on the basis of
the budget adopted by the Saxon State Parliament.

APPENDIX

Tables and present the threshold settings for risk signals used in this study. These values
are determined based on prior studies on traffic safety and interaction behavior (Lubbe & Rosén,
2014; |Lenard et al., 2018; [Sun et al., |2022; [Nadimi et al. [2020), and further refined through
observations and analysis of the collected trajectory data.

Table Al: Behavioral response signal thresholds by agent type

Type MaxDec threshold (m/s?) MaxSteer threshold (deg/s)
Vehicle 3.000 15.0
Pedestrian 1.800 25.0
Cyclist 2.200 20.0

Table A2: Interaction-based collision signal thresholds by agent type

Ego — Other TTC threshold (s)
Vehicle — Vehicle 2.0
Vehicle — Pedestrian 2.5
Vehicle — Cyclist 2.2
Pedestrian — Vehicle 2.5
Pedestrian — Pedestrian 1.8
Pedestrian — Cyclist 2.2
Cyclist — Vehicle 2.2
Cyclist — Pedestrian 2.2
Cyclist — Cyclist 2.0
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