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Abstract. Pedestrian-vehicle collisions remain a critical safety concern at urban
intersections, where existing risk assessment methods often rely on static conflict thresholds
that lack adaptability to dynamic traffic conditions. To address this gap, this study develops
a real-time pedestrian-vehicle collision risk warning framework integrating Hidden Markov
Model-based vehicle trajectory prediction, an improved minimum extended time-to-collision
(ETTC\in) conflict indicator with dynamic thresholds derived via spline interpolation based
on the real-time vehicle-to-pedestrian ratio, and a probabilistic conflict-based collision risk
estimation model incorporating driver reaction and braking times. Validated using the SinD
dataset and field data from Xi'an, the proposed method demonstrates robust trajectory
prediction accuracy, earlier hazard detection compared to traditional time-to-collision
metrics. By enabling adaptive, interpretable, and real-time risk warnings, this approach
provides a proactive and scientifically grounded tool for enhancing pedestrian safety and
supporting targeted traffic management interventions at intersections.
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Introduction

According to the World Health Organization’s 2023 Global Status Report on Road
Safety, road traffic crashes cause approximately 1.19 million deaths annually, 23%
of which involve pedestrians (World Health Organization, 2023). In Chinese cities,
approximately 30% of crashes occur at at-grade intersections (Ma et al., 2021). As
pedestrians are vulnerable road users facing substantially higher fatality risks than
vehicle occupants, mitigating risk during pedestrian-vehicle interactions is essential.

Research on pedestrian-vehicle safety has progressively shifted from crash-
based and descriptive analyses toward proactive, conflict-based assessment.
Sheykhfard et al. (2021) summarized both passive crash-based and active
interaction-based approaches, while Ma et al. (2018) incorporated conflict
probability and severity into intersection safety assessment. With the increasing
availability of high-resolution trajectory data, recent studies have further advanced
toward predicting the evolution of pedestrian-vehicle interactions. Noh et al. (2022)
integrated trajectory-related information into predictive collision-risk estimation,
while Li et al. (2023) combined vehicle and pedestrian trajectory prediction with
probabilistic manoeuver modelling to estimate pedestrian-vehicle conflict risk.

More recent research has increasingly emphasised real-time, interaction-aware,
and adaptive risk assessment. Ali et al. (2023) estimated real-time pedestrian
crash risk at signalized intersections using Bayesian video analytics, and Wang
et al. (2024) developed a real-time vehicle-pedestrian interaction risk model for
intersections. Zhao et al. (2025) further incorporated collision-avoidance behaviour
into multi-agent trajectory prediction, while Fu et al. (2025) investigated dynamic
short-term crash-risk prediction at signalized intersections. Meanwhile, Wu et al.
(2025) introduced dynamic thresholds into real-time traffic risk prediction. Most
recently, Muduli et al. (2026) have employed a scene-level spatio-temporal graph to
predict safety-critical pedestrian-vehicle interactions.

These studies demonstrate a clear transition toward predictive, adaptive, and
interaction-aware traffic safety assessment (Tahir & Haque, 2024; Ankunda et
al.,, 2024). Nevertheless, existing advances remain relatively fragmented across
different aspects of pedestrian-vehicle safety analysis, and their integrated
application for timely and adaptive conflict assessment at signalized intersections
remains insufficiently explored. Therefore, this study aims to improve the
adaptability and timeliness of pedestrian-vehicle conflict risk assessment at
signalized intersections by developing a trajectory-based framework that integrates
vehicle trajectory prediction, dynamic safety thresholds, and probabilistic risk
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estimation. Specifically, this study offers three key contributions: (i) a vehicle
trajectory prediction model based on a Hidden Markov Model combined with a
greedy algorithm; (ii) the adoption of the minimum extended time-to-collision
(ETTCyi,) as a dynamic conflict indicator with spline-interpolated thresholds;
and (iii) a probabilistic framework incorporating driver reaction and braking
characteristics.

The remainder of this paper is organised as follows. In Section 2, the material
and method are presented, including data acquisition and processing based on
field data from a signalized intersection in Xi'an and the SinD dataset, as well as
three key technical components: a vehicle trajectory prediction model based on
Hidden Markov Models, a dynamic conflict threshold modelling approach using
spline interpolation, and a probabilistic collision risk assessment framework
integrated with driver reaction and braking times. Section 3 presents the results,
evaluating the performance of the framework in terms of prediction accuracy,
conflict identification timeliness, and warning consistency. Section 4 provides a
comprehensive discussion of the results, analysing the strengths and practical
implications of the framework, acknowledging its limitations, and suggesting
directions for future research. The conclusions are presented in the final section.

1.  Material and method
11. Case study and data description

Following established research protocols, the survey site and observation period
were selected to ensure the continuity, stability, and reliability necessary for high-
precision trajectory data collection. Accordingly, the intersection of Shanglin Road
and Caotan 4th Road in Xi'an was selected as the study site. Vehicle and pedestrian
trajectory data were obtained from the SinD dataset, which was acquired via UAVs
by the School of Vehicle and Mobility at Tsinghua University (Xu et al., 2022).

Spanning morning (7:30-9:30) and evening (16:30-18:30) peak periods, the
dataset comprises approximately 3 million valid data points, including 7734
vehicle trajectories and 1528 pedestrian crossing trajectories. With a sampling
frequency of 10 Hz and centimetre-level positioning accuracy, the dataset provides
a comprehensive record of the motion states and interactive behaviours of both
vehicles and pedestrians.

To ensure reliable model training and evaluation while balancing generalization
capability, a stratified random sampling method was employed to partition the
dataset into training, testing, and validation sets in a 7:2:1 ratio. This approach
ensured consistent sample distribution across different time periods and movement
states, thereby minimising data bias.
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The trajectory dataset consists of naturalistic road-user interactions collected
under normal traffic conditions, rather than recorded collision events. Therefore,
the proposed framework does not attempt to directly learn crash occurrence.
Instead, it identifies potential conflicts by evaluating whether observed or predicted
interactions approach critical safety conditions. Accordingly, the historical
trajectories are not categorized as “safe” or “collision” trajectories for trajectory-
model training. Rather, they are used to characterise normal vehicle motion-
transition patterns during naturalistic intersection interactions. Conflict risk is
then evaluated from the predicted vehicle-pedestrian interaction states, rather than
being assigned as a label to the historical trajectory data.

|-
ol

Figure 1. Intersection of Shanglin Rd. and Caotan Fourth Rd. in Xi'an

1.2. Methodology

To provide an overview of the proposed framework and clarify the relationships
among its major components, the complete workflow is illustrated in Figure 2. The
framework consists of five sequential stages: sensing and preprocessing, trajectory
prediction, conflict assessment, probabilistic risk estimation and grading, and
warning output. Vehicle and pedestrian motion states are first obtained from
externally sensed trajectory data, after which their future trajectories are predicted
over a predefined horizon. The predicted interactions are then evaluated using the
minimum extended time-to-collision (ETTC;,), which represents the minimum
predicted time remaining before vehicle-pedestrian contact over the prediction
horizon, together with a dynamic conflict threshold determined according to
the real-time vehicle-to-pedestrian ratio, v/p. Identified conflicts are further
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quantified through a probabilistic model incorporating driver reaction and braking
characteristics, and the resulting risk level is used to support roadside, in-vehicle,
or trafficcmanagement warnings. As indicated in Figure 2, several components
require site- or population-specific calibration when the framework is transferred to
different traffic environments, whereas the overall computational structure remains
unchanged.

1. Sensing and Preprocessing 2. Trajectory Prediction 3. Conflict Assessment 4. Risk Estimation and Grading 5. Warning Output
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Figure 2. Overall workflow and calibration requirements of the proposed real-time
pedestrian-vehicle collision risk warning framework

1.2.1. Vehicle trajectory prediction

This study proposes a trajectory-prediction framework based on a hidden
Markov model (HMM), integrating intersection geometry, real-time vehicle
states, and historical trajectory data as core inputs. In this framework, geometric
characteristics constrain feasible vehicle trajectories, turning behaviours, and
speed profiles, and are therefore implicitly reflected in the HMM state-transition
probabilities. The framework then extracts motion regularities from historical
trajectories to construct the state-transition matrix. It leverages historical motion
patterns and employs probabilistic iterative inference combined with a greedy
algorithm for trajectory prediction at intersections. Real-time vehicle positions
serve as observations, while predicted trajectories are inferred from hidden states
through iterative optimisation of transition probabilities (Deng and So6ffker, 2021).

The proposed framework is developed from the perspective of a real-time
traffic sensing and warning system, in which the motion states of vehicles and
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pedestrians are obtained from externally observed trajectory information. Based
on these kinematic states, the framework predicts their subsequent movements and
evaluates the evolution of potential conflicts, thereby allowing risk identification to
be performed independently of individual road users’ subjective perceptions of the
surrounding environment.

To enhance training efficiency and enable real-time prediction, the intersection
area is discretized into a spatial grid. The grid resolution was selected to balance
accuracy and computational load. While smaller cells (e.g., 5 cm) increase positional
precision, they exponentially increase the state space and computational complexity,
potentially violating real-time constraints. Conversely, larger cells (e.g., 20 cm)
reduce resolution, leading to a degradation in prediction accuracy. Based on
experimental validation, a resolution of 10 cm x 10 cm was adopted. Each grid cell
corresponds to a hidden state; consequently, the vehicle’s measured position at each
time step is mapped to the corresponding cell, converting the continuous trajectory
into a discrete sequence of observations.

The HMM state-transition matrix is estimated from historical data by
quantifying transitions between adjacent cells. The underlying assumption is that
short-term vehicle movements at the same intersection exhibit recurrent spatial
transition patterns under comparable traffic conditions. Accordingly, historical
trajectories are used to estimate feasible motion transitions rather than to prescribe
a predetermined safe or risky trajectory. For a given cell x, the probability of moving

to a neighbouring cell y is defined as:

P(x—)y): Ay , (10

A
ZyeNeighbors(x) x>y

where 4,_,, represents the frequency of transitions from x to y in the training
data, and the denominator represents the total number of transitions from x to all
adjacent cells. The set Neighbors(x) denotes the four neighbours (up, down, left,
right).

Leveraging the transition and emission structure of the HMM, a greedy iterative
algorithm is applied to predict the future trajectory (Liu et al., 2023). Assuming first-
order Markov dynamics (where the state at time n+1 depends only on the state at
time n) and prohibiting immediate reversals to the previous cell, the current state
X, is derived from the observation sequence Z = {zy, 7, z3 ,..., Zn}. The subsequent
position is determined by maximising the transition probability (Figure 3):

Xn+1 =

argmax P(xn —>y). (2)
yeNeighbors(x,)

This process is iteratively repeated to generate the predicted trajectory
X = {Xp, Xn+1, Xn+2,--» Xnsk} OVer the prediction horizon k.
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Figure 3. Schematic of greedy algorithm-based grid iteration

1.2.2. Conflict indicator selection

Traffic conflict is defined as a scenario in which two or more road users are on a
trajectory to collide in space and time unless at least one alters their course (Abdel-
Aty et al.,, 2023). A conflict is formally detected when a specific conflict indicator
exceeds a predefined threshold. By predicting the trajectories of vehicles and
pedestrians, the potential collision risk can be quantified.

TTC is a widely adopted metric due to its ease of measurement and analysis. It
is primarily applied to rear-end conflicts under the assumption that road users
are traveling in the same lane with similar headings and speeds (Gore et al., 2023).
However, traditional TTC is ill-suited for conflicts involving lateral interactions or
non-following behaviours (Li et al., 2021). To address these limitations, Extended
TTC (ETTC) generalizes the concept to two-dimensional motion (Ward et al., 2015).
By evaluating the coupled planar dynamics of vehicles and pedestrians, ETTC
captures complex interactive behaviours, making it superior for unconstrained, two-
dimensional interactions and enabling a more comprehensive assessment of conflict
risk across diverse traffic scenarios.

To dynamically assess collision risk at time t and capture imminent critical
states, we combine the instantaneous states of agents with predicted vehicle
trajectories to simulate conflict evolution. The computation of ETTC;, involves
propagating the relative motion over multiple future steps - using the predicted
vehicle trajectory alongside a pedestrian motion model - and selecting the minimum
ETTC value over the prediction horizon as the conflict severity indicator.
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Pedestrian crossing behaviour is formulated as a spatial path-optimisation
problem. Under free-flow conditions, pedestrians tend to choose the geometrically
shortest path to their target. Deviations from this path induce a directional
driving force that steers the pedestrian back toward the intended trajectory with
a relaxation time constant 7,. In this study, we adopt a directional driving-force
model for pedestrian trajectory prediction (Chen et al., 2019). Unlike the HMM-
based vehicle trajectory prediction, pedestrian motion is propagated directly
from the currently observed pedestrian position and velocity using the directional
driving-force model. The model predicts pedestrian movement toward the intended
destination over the prediction horizon. The resulting pedestrian trajectory is
then combined with the predicted vehicle trajectory to evaluate their future
spatiotemporal interaction and calculate ETTC,;,. The model is governed by the
following equations:

_ 1 PP, (t,) .
Fule) =L %() . ©)
fz(tn+1)::FL(tn)4—Va(tn)8t—FF}(tn)(8t){ (4)

where ﬁa (tn) and V, (tn) are the pedestrian position and velocity at time ¢,
respectively; 136 - the target position; vi =1.3m/s is the desired walking speed; and
1, =0.5s is the relaxation time constant.

Given typical brake-system response times of 200-400 ms (Savitski et al., 2019),
we define “persistent braking” as continuous negative acceleration lasting at least
0.5 s (Svérd et al,, 2021). The onset of persistent braking marks the conflict start
time. At this moment, the position vectors (0 and P) and velocity vectors (v, and V—p)
of the vehicle and pedestrian are recorded.

Vehicle positions are recorded at the geometric centre. Let d,, denote the centre-
to-pedestrian Euclidean distance, measured in a top-down coordinate system where
all position vectors correspond to projected points on the horizontal plane. To
enhance geometric accuracy, we model the vehicle as a rigid rectangle with length
L and width W, and the pedestrian as a circle with a typical occupancy radius r
(Figure 4a) (Chen et al., 2024). The distance from the pedestrian centre to the closest
point on the vehicle’s rectangular footprint, d,, is defined as:

d, (5)

For computational convenience, we derive the rate of approach using the centre-
based separation rate D,, . Since the dimensions of the vehicle and pedestrian are
constant, D,, =d,,. The pedestrian-vehicle proximity rate is thus:
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; 0-P)-[V -V,
ot

The ETTC is calculated to estimate the remaining time until contact between
the closest points of the vehicle and pedestrian, assuming constant velocities.
As shown in Equation (7), the numerator d,, represents the current physical
separation accounting for the vehicle’s dimensions and the pedestrian’s radius. The
denominator d,, represents the rate of change of this separation (i.e., the relative
speed projected along the line connecting the two centers). The negative sign
ensures that ETTC is positive when the agents are approaching.

6-7- [§j2+[‘g/j2—r (G-5)
ETTC= (,j"”: - =- S - (7)
op dop |0_P| Vo _Vp|

_ ETTC is physically meaningful only when the two parties are approaching
(d,,<0) and have not yet overlapped (do,>0). If d,,=0, contact has occurred,
rendering the metric irrelevant. Conversely, if the agents are stationary or
separating (d,, 2 0), the computed ETTC is negative or infinite and is excluded from
the risk assessment.

To analyse the conflict evolution starting at time ¢, let OT and }71 denote the
vehicle and pedestrian position vectors at the first prediction step. Trajectories are
propagated forward to obtain 0; and P, at each step of the prediction horizon. An
ETTC value is computed at each step (Figure 4b), and the minimum value, ETTC ,;y,
serves as the conflict indicator at time ¢:

ETTC ;, = min{ETTCl,ETTCZ,- . -,ETTCn}. (8)
a) ETTC calculation schematic b) Time-t conflict process
17:, Pedestrian _5, )
wm)
dop .
e 2 2 2
Dop i R iy [ T T ST Ty R~ 7R -
LS
i // ) ’>\/ 2 1
/// I\ y
/
//
o an
. o
Vehicle \’,

Figure 4. Components of ETTC,, calculation framework
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1.2.3. ETTCmin threshold determination

Using pedestrian and vehicle trajectory data, we compute ETTC,;, at each
time step. While a common traffic engineering practice establishes the conflict
threshold at the 85th percentile of the cumulative distribution (Karimi et al., 2021),
intersection-specific characteristics often necessitate adjustments. To accurately
capture how conflict risk varies with road-user density and interaction patterns, we
partition each entry approach into three canonical conflict scenarios. In this study,
the south approach refers to the entry leg on the southern side of the intersection,
where vehicles approach the intersection from south to north. Using this approach
as an example, three canonical conflict scenarios are considered:

— Scenario 1 (Left-Turn Conflict): Interactions between left-turning vehicles
from the south approach and pedestrians crossing the south or west
approaches;

— Scenario 2 (Through Conflict): Interactions between through-moving
vehicles from the south approach and pedestrians crossing the south or north
approaches;

— Scenario 3 (Right-Turn Conflict): Interactions between right-turning
vehicles from the south approach and pedestrians crossing the south or east
approaches.

For each scenario, we analyse the influence of the vehicle-to-pedestrian ratio
(v/p) on the ETTC;, threshold. The ratio v/p is defined as the number of vehicles
involved in a specific conflict sequence divided by the number of pedestrians on
the relevant crosswalk. Specifically, this metric accounts for all vehicles executing
a specific movement while pedestrians are present in or approaching the conflict
zone. Unlike fixed observation windows, this ratio captures the instantaneous
interaction intensity, serving as a real-time indicator of the competitive pressure
and behavioural adaptations that define the accepted safety margin.

The adoption of v/p as a dynamic scaling factor is grounded in traffic flow theory
and behavioural research. High v/p values signify increased vehicle dominance,
often correlating with competitive driver behaviour, reduced yielding compliance,
and shorter accepted safety margins (Papazikou et al., 2017). Consequently,
the effective conflict threshold decreases. Conversely, a low v/p value indicates
pedestrian predominance, which can increase pedestrian assertiveness and crossing
unpredictability. This shift in the risk profile necessitates threshold recalibration to
minimize false alarms. Static thresholds, such as the conventional 85th percentile,
fail to account for these dynamic behavioural adjustments, potentially leading to
missed detections or reduced specificity. By modulating the ETTC,,;, threshold based
on v/p, the proposed system maintains sensitivity and precision across diverse
interaction scenarios.
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To model the functional relationship between the threshold and v/p, we employ
natural cubic spline interpolation. Given N observations (x;, y;), i =1, 2, ..., N, where x;
represents the ratio v/p and y; the corresponding threshold, the domain [xp,, Xmax] 1S
partitioned into M subintervals. Knots are defined at the midpoints of adjacent data
points:

£, = %(xk +Xppq )(k=0,1,..,M), with& = x; and &y = x, .. 9
On each subinterval [ik,ikﬂ ], we define a cubic function:
Sk(X)=a +by (x =& )+ (x5 )+ (x &) (10)
Natural boundary conditions are applied to ensure a unique solution:
5"0(&y)=S"M-1(&))=0. (11)

The resulting spline S(x) is C’-continuous, ensuring smoothness while
providing high fitting accuracy and locality, where local data variations affect
only neighbouring intervals (Shi & Li, 2023). This function establishes the ETTCy,;,
threshold as a function of v/p for each scenario, enabling the dynamic classification
of pedestrian-vehicle conflicts.

1.2.4. Probability estimation of collision risk

A lower ETTCy,;, value indicates a higher conflict risk and a greater likelihood
of a pedestrian-vehicle collision (Mahmud et al., 2017). To assess collision potential
at intersections, we compare ETTC;, with the required stopping time, defined
as the sum of the driver’s reaction time (Ty) and braking time (7). In the proposed
framework, conflict recognition and driver response are modeled as distinct
processes: potential conflicts are identified from externally observed vehicle-
pedestrian trajectories, whereas the reaction-time term represents the behavioural
delay in the driver’s response after conflict-related information becomes available.
Assuming a constant deceleration rate a;>0 from an initial speed v;, the braking
time is calculated as T,=v; / a;.

The driver reaction time, Ty is modelled as a Gaussian random variable with
a mean of 2.29 s and a standard deviation of 0.32 s (Li et al.,, 2019), representing
the overall response delay from conflict perception to braking initiation. These
parameters provide a baseline representation of human-driver response rather than
a fleet-specific calibration. Accordingly, the probabilistic formulation treats reaction
and braking characteristics as configurable components, allowing their parameters
to be recalibrated when the framework is applied to traffic environments with
different driver populations or vehicle-response characteristics. Its probability
density function (PDF) is given by:
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1 (T —2.29)°
T, )= -
(1) 0322r ¢ 2x(032)"

A collision is predicted when ETTCy;, < T+ T, implying that the remaining time is
insufficient for the driver to react and brake effectively. The probability of collision
is therefore derived as the complement of the probability that the driver stops safely
(i.e., when available time exceeds required time):

P(ETTCpyy <T; +T,)=1-P(ETTC

(12)

Ty +T, ) (13)

-
P(ETTC,,, <T,+T.)=1- f f(1,)dr, (14)

max (0,ETTC, T.)

min~ {z

(15)

P(ETTC <T; +T,)=1 _CI{(ETTCmin —TZ)—2,29}‘

0.32

where @ is the standard normal cumulative distribution function.

2. Results
2.1. Test of vehicle trajectory prediction

To evaluate the performance of the HMM-based vehicle trajectory prediction
method across different driving behaviours, we quantified performance using
average displacement error (ADE), path similarity (PS), trajectory coverage (TC),
and trajectory direction error (TDE) (Shi et al., 2019). These metrics were computed
on the test set, with results summarised in Table 1. Overall, the model demonstrates
robust performance across all behaviours. Although prediction accuracy for right-
turn vehicles is slightly lower than for through and left-turn movements - likely due
to the absence of signal control and greater exposure to external disturbances - the
consistently favourable results across all metrics confirm the model’s effectiveness
and robustness under varied conditions.

Table 1. Evaluation of vehicle trajectory prediction accuracy

Vehicle operating condition ADE, m PS TC, % TDE, °
Left-turning trajectory 0.5746 0.9425 95.24 0.4357
Straight trajectory 0.3254 0.9786 98.25 0.2486
Right-turning trajectory 0.6879 0.9357 93.98 0.5791
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To evaluate the trajectory prediction method in real-time collision warning
scenarios and verify its balance of accuracy and efficiency, we compared the
proposed HMM against four widely used machine learning models using the test
set: Long Short-Term Memory (LSTM), Transformer, Graph Neural Network (GNN),
and Multi-Layer Perceptron (MLP). Average Displacement Error (ADE) served as
the primary metric for accuracy, presented as intervals to reflect performance
variations across different turning manoeuvers. Additionally, inference time per
query and parameter count were recorded to assess computational efficiency and
deployment feasibility.

As shown in Table 2, while the LSTM and Transformer models achieve slightly
lower ADE in certain scenarios - indicating marginally superior accuracy - the
proposed HMM offers a more competitive balance between predictive performance
and computational efficiency. Notably, the HMM exhibits significantly lower
inference latency than the LSTM and Transformer, rendering it more suitable for
real-time collision warning systems where rapid response is critical. The GNN
demonstrates moderate performance but incurs higher computational overhead
than the HMM. Finally, although the MLP offers the fastest inference speeds, it yields
substantially higher ADE - particularly during complex turning manoeuvers - due
to its limited ability to capture sequential dependencies. This limitation restricts its
utility for high-fidelity trajectory prediction.

Table 2. Performance comparison of trajectory prediction models

Model ADE, m Inference time, ms/query Number of parameters, x10*
HMM 0.31-0.71 8-12 0.8
LSTM 0.28-0.65 35-42 12.5
Transformer 0.25-0.61 89-105 48.3
GNN 0.30-0.67 41-48 15.7
MLP 0.72-1.05 5-7 0.5

2.2. Refining the evaluation of conflict indicators

To rigorously assess the improvement in conflict metrics for pedestrian-vehicle
interactions, this study compares the proposed ETTC,,;, with the conventional TTC.
A representative conflict event was extracted from the test set, and the temporal
evolution of both metrics was computed and plotted as a function of time (Figure 5).
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Figure 5. Plot of ETTC,y;, versus TTC

Based on a ratio v/p of 5:1, spline interpolation determined a conflict threshold of
7.19 s; values of TTC or ETTC,,;, at or below this level signify a hazardous condition.
Under this criterion, the TTC identifies the hazard at 6.11 s, whereas ETTCy,;, detects
it significantly earlier at 4.35 s, providing a 1.76 s advance warning. Consequently,
compared to the traditional crash-time metric, ETTC,,;, facilitates earlier hazard
detection, granting road users critical additional time for evasive actions such as
deceleration or lane adjustments. This extended reaction window contributes to
enhanced driving safety and a potential reduction in crash frequency.

2.3. Conflict classification results
The processed ETTCpin vales from the test set were input into the collision

probability model to estimate the likelihood of vehicle-pedestrian collisions
(Table 3).
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Table 3. Vehicle-pedestrian collision probability distribution
Collision probability interval Frequency Proportion, %
0.0-01 15303 84.33
0.1-0.2 820 4.52
0.2-0.3 320 1.76
0.3-0.4 237 1.31
0.4-0.5 199 1.09
0.5-0.6 195 1.07
0.6-0.7 204 112
0.7-0.8 221 1.22
0.8-0.9 263 1.45
0.9-1.0 386 213

The resulting probability distribution indicates that the majority of pedestrian-
vehicle interactions maintain a collision probability below 10%, reflecting a
generally low-risk environment. In such scenarios, sufficient time remains for
evasive manoeuvers, minimizing the likelihood of severe outcomes. Consequently,
interactions with a collision probability below 10% are classified as minor conflicts,
while those exceeding 10% represent a substantially higher risk and are classified as
serious conflicts.

To evaluate the consistency between predicted risks and observed conflicts,
kinematically defined conflicts were identified using evasive-behaviour indicators.
Prior studies suggest that abrupt braking or steering behaviours signify risk-
avoidance manoeuvers indicative of actual conflicts (Nie et al., 2021). Accordingly,
an interaction is defined as a conflict if either party exhibits significant evasive
behaviour: specifically, if the vehicle’s absolute acceleration exceeds 4 m/s” or its
heading change exceeds 30° or if the pedestrian’s acceleration exceeds 1 m/s’
or their heading change exceeds 45° (Lenard et al., 2018). Events where only one
party meets these criteria are labelled minor conflicts, whereas events where both
parties exhibit such behaviour are labelled serious conflicts. Figure 6 presents a heat
map comparing the conflicts predicted by the proposed method with the observed
kinematically defined conflicts in the validation set.
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Figure 6. Comparison between predicted conflicts and kinematically defined observed
conflicts

The proposed collision-warning method demonstrates strong agreement with
observed outcomes, achieving an overall consistency rate of 95.94%. Among the
discrepancies, 2.53% were false positives (predicted as minor conflicts but observed
as no conflict), and 1.14% were overestimations (predicted as serious but observed
as minor or no conflict). These deviations may stem from environmental factors,
driver heterogeneity, or other stochastic elements that influence the comparability
of predictions and observations (Ma et al., 2024). Crucially, underestimation -
instances where the observed conflict was more severe than predicted - occurred in
fewer than 0.4% of cases, indicating that the system rarely fails to identify high-risk
events. Consequently, the method demonstrates promising capability for real-time
conflict warning at intersections based on surrogate safety assessment.

The empirical analysis based on the dataset further validates the effectiveness
of the proposed approach. The HMM-based trajectory prediction model maintained
high accuracy across left-turn, through, and right-turn movements, demonstrating
adaptability to diverse driving behaviours. In terms of timeliness, the ETTCy;,
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metric identified potential hazards earlier than conventional TTC in examined
cases, with one representative conflict showing an advance warning of 1.76 s.
Furthermore, the use of a spline-interpolated dynamic threshold addressed the
limitations of the traditional 85th-percentile cumulative-frequency threshold
under varying v/p conditions, enhancing the robustness of conflict identification.
These findings are corroborated by the collision-probability distribution and
heat map analysis, where the 95.94% alignment between predicted and observed
kinematically defined conflicts demonstrates the effectiveness of the proposed
warning framework.

3. Discussion
3.1. Performance and mechanistic analysis

The proposed trajectory prediction framework, which integrates an HMM with
a greedy algorithm, demonstrates robust performance across typical intersection
manoeuvers, despite discernible variations in predictive accuracy. These
performance differences are largely attributable to the inherent compatibility
between specific motion constraints and the model’s foundational assumptions. For
through and left-turn movements, vehicle trajectories are predominantly governed
by traffic signal controls, resulting in highly regular and predictable motion
patterns. Such regularity aligns well with the first-order Markovian state transition
assumption of the HMM (He et al., 2023), thereby facilitating accurate predictions. In
contrast, right-turn manoeuvers often occur without strict signal control, rendering
them more susceptible to external disturbances, such as interactions with crossing
pedestrians or non-motorized vehicles. This susceptibility introduces greater
stochasticity into state transitions, consequently diminishing prediction accuracy.
However, the model’s ability to capture short-term motion dependencies is highly
congruent with the dynamic nature of vehicle movements at intersections, which are
often characterized by rapid, short-cycle directional changes (Zhang et al., 2023).
This scenario-specific adaptability underscores the model’s utility, particularly at
intersections where right-turn interference is minimal.

Regarding conflict identification, the ETTC,;, indicator offers a significant
improvement in timeliness compared to the conventional TTC. This enhancement
stems from the indicator’s basis in two-dimensional dynamics. Restricted to
longitudinal kinematics, traditional TTC fails to adequately assess risks in lateral or
oblique encounters, such as those involving turning vehicles and diagonally crossing
pedestrians (Park et al., 2025). In contrast, ETTC,,;, integrates both longitudinal
and lateral velocity components, enabling a holistic evaluation of the planar coupled
motion between road users. Furthermore, unlike TTC, which relies on a single
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instantaneous state calculation, ETTC,,;, proactively identifies the most critical
point of potential collision within a prediction horizon. By focusing on the ETTC;p,,
the method ensures that localized high-risk situations are not obscured by averaged
states. This enhances warning sensitivity and aligns with the principle that conflict
metrics should prioritize critical risk moments (Peng & Liu, 2026). The advance
warning time provided by ETTC,,;, is particularly valuable as it correlates closely
with typical driver reaction times (Li et al., 2019), offering a practical window for
evasive action and addressing the limitations of TTC in complex, non-following
interaction scenarios.

In terms of threshold determination and risk assessment, the dynamic threshold
mechanism - established via natural cubic spline interpolation - exhibits superior
environmental adaptability compared to static percentile-based thresholds (Arun et
al., 2021). By continuously adjusting the conflict threshold in response to the real-
time ratio v/p, the method effectively captures the evolving nature of intersection
risk under varying traffic densities. The continuity and local adaptability inherent
in the spline function (Shi & Li, 2023) prevent overfitting to noisy data while
ensuring the threshold responds appropriately to gradient changes in interaction
frequency. This dynamic approach, combined with a probabilistic collision
risk model that incorporates driver reaction time and braking characteristics,
addresses a recognized gap in static threshold applications, which often struggle
with false or missed warnings in dynamic environments (Wu et al.,, 2025). The
probabilistic output facilitates a refined, interpretable risk grading, enabling
targeted safety interventions (Wali et al., 2020; Reinmueller et al., 2020). The high
consistency between predicted and observed conflicts, coupled with a minimal
rate of underestimation for high-risk events, validates the robustness and practical
reliability of this integrated assessment framework.

Although the framework is trajectory-based, it partially incorporates human
behavioural responses through naturalistic vehicle trajectories, pedestrian
directional adaptation, probabilistic driver-response modelling, and validation
based on evasive behaviour. Overall, the proposed framework demonstrates
strong robustness across different conflict-severity levels. Its high consistency
in identifying non-conflict and serious-conflict events can be attributed to their
distinct interaction characteristics, whereas minor conflicts involve greater
uncertainty because of overlapping behavioural patterns and stochastic traffic
interactions. These inherent complexities underscore the challenge of achieving
perfect prediction accuracy in real-world pedestrian-vehicle interactions (Lin et al.,
2024; Wang et al., 2025).
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3.2. Strengths and implications

The core strength of this method lies in its proactive nature. Rather than relying
on historical crash data, the framework utilises real-time trajectory prediction and
dynamic conflict indicators for risk assessment. This allows traffic management
authorities to identify potential high-risk configurations and conflict points during
the intersection planning phase or when evaluating newly built intersections.
Consequently, interventions can be implemented at the design source to optimise
traffic organisation and physical layout, shifting the paradigm from reactive
response to proactive prevention and significantly enhancing the scientific rigor of
safety management.

Owing to the relatively low computational complexity of the HMM and the greedy
algorithm, the framework exhibits excellent real-time performance. This capability
enables seamless integration into existing intelligent transportation infrastructure,
such as roadside units, or deployment as part of in-vehicle warning systems (Ding
et al,, 2024). Because conflict identification is based on externally sensed road-user
trajectories, the warning process does not depend solely on the driver’s direct visual
recognition of the interacting pedestrian. This feature is particularly valuable in
complex intersection scenarios, where timely risk information can be provided
before the driver initiates an evasive response.

Moreover, trajectory-based conflict identification and subsequent vehicle-
response estimation are treated as separate components, providing additional
flexibility for practical deployment. When the framework is applied to regions
with different fleet characteristics, the reaction-time and braking parameters
can be recalibrated according to local driving behaviour and vehicle-response
characteristics without modifying the trajectory-prediction, ETTCy,;,, or dynamic-
threshold components. For vehicles equipped with active safety functions, assisted
or automated responses can similarly be incorporated through appropriate
response-related parameterization. This modular structure enables the framework
to accommodate heterogeneous vehicle technologies while preserving its core
trajectory-based risk-identification mechanism, thereby supporting its application
across diverse traffic environments.

Finally, the output of this method is not a simple binary alert but an interpretable,
graded warning based on collision probability. For instance, using a 10% probability
threshold to distinguish between minor and serious conflicts provides clear and
actionable insights. Based on this information, management departments can
implement targeted interventions, such as focusing control efforts on high-risk
conflict types, optimising signal timing for specific approaches, or installing
visual warning devices at critical locations. This approach optimises the allocation
of management resources and improves the precision and efficiency of safety
interventions.
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Although the framework was developed using data from a specific signalized
intersection, its deployment is not limited to this configuration. The methodological
structure is transferable; however, scenario-dependent parameters, such as the
HMM transition matrix and dynamic ETTC,,;, thresholds, require local recalibration
according to intersection geometry, traffic conditions, and road-user behaviour.
Thus, practical implementation can be achieved through site-specific calibration
rather than by directly transferring parameters derived from a single intersection.
To further clarify the transferability of individual framework components and
the corresponding requirements for practical deployment, Table 4 summarises
which components can retain their methodological structure and which require
site-, population-, or fleet-specific recalibration when applied to a new traffic
environment.
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Table 4. Transferability and adaptation strategy of the proposed framework across

intersection environments

Framework  Transferability Elements retained Site-specific update, Main adaptation
component level across sites if needed basis
Five-stage workflow
from sensing
and trajectory
O Il Lo
verd . prediction to None at the Deployment
framework High . . ; .
. conflict assessment, methodological level configuration
architecture o
probabilistic risk
estimation, and
warning output
HMM-based Local vehicle
. . prediction structure, Re-estimation of the R K
Vehicle High at the . - . trajectories,
) . spatial-state HMM transition matrix . .
trajectory methodological ; ) intersection
. representation, and where local motion
prediction level reedy prediction atterns differ geometry, and
9 v P P traffic control
procedure
. . . Parameter validation Local walking
. Directional driving- . .
Pedestrian . or adjustment only speed, crossing
) Generally force formulation .
trajectory . when pedestrian patterns, and
o transferable and prediction . . . .
prediction rocedure behaviour differs destination
P substantially characteristics
No model
Computational recalibration; local .
. . . Real-time
ETTCmin Directly formulation and trajectory and . .
. . . L vehicle-pedestrian
calculation transferable conflict-severity geometric inputs . .
s . kinematic states
definition are updated during
operation
Dynamic Method v/p-based adaptive Re-estimation Local interaction
conflict transferable;  threshold mechanism of the local v/p- intensity
threshold calibration and natural cubic ETTCnin threshold and conflict

based on v/p

Conflict
identification

Probabilistic
collision-risk
estimation

Risk grading
and warning
output

site-dependent
Directly

transferable

High at the
model level

Generally
transferable

spline formulation

Decision logic
comparing ETTCnin
with the dynamic
threshold

Probabilistic
formulation linking
available conflict
time with reaction
and braking time

Probability-based
grading concept
and multi-channel

warning architecture

relationship

Automatically follows
the locally calibrated
threshold

Response parameters
may be recalibrated
when driver population
or fleet characteristics
differ

Operational cutoffs
may be validated
according to local

management
objectives

distributions

Predicted
interaction states
and dynamic
threshold

Driver reaction
characteristics,
braking
performance, and
fleet composition

Warning tolerance
and traffic-
management
requirements
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3.3. Limitations and future research

Despite these encouraging results, several issues warrant further investigation.
First, the framework was developed and validated using data from a single two-
phase signalized intersection. Further evaluation across diverse intersection
layouts, control strategies, and multimodal traffic environments is therefore
needed to assess its broader generalizability. Second, human behavioural
adaptation is represented in a simplified manner. Although naturalistic motion
patterns, pedestrian directional adaptation, and stochastic driver responses are
incorporated, the continuous perception-decision-action process, driver-specific
visibility constraints, and technology-related response differences are not explicitly
modelled. Future research could incorporate more interaction-aware behavioural
models and locally calibrated response parameters. Finally, the current validation
is based on kinematically defined surrogate conflicts rather than observed crash
outcomes. Future studies should evaluate the framework using broader multi-site
safety datasets and, where detailed data are available, further examine the effects of
intersection geometry and vehicle operating characteristics.

Conclusion

The real-time pedestrian-vehicle collision risk warning framework proposed in
this study was developed to enhance the adaptability and timeliness of pedestrian-
vehicle conflict risk assessment at signalized intersections. The framework
integrates HMM-based trajectory prediction, dynamic threshold modelling, and
collision probability estimation. Its methodological contribution lies in combining
short-term trajectory prediction with ETTC,,;,-based conflict assessment,
dynamically adjusting conflict thresholds according to the real-time vehicle-to-
pedestrian ratio, and incorporating driver reaction and braking characteristics
into probabilistic risk estimation. The dynamic threshold mechanism improves
adaptability to varying interaction conditions, while trajectory prediction enables
earlier identification of potential conflicts. In addition, probabilistic risk estimation
extends conflict assessment beyond purely kinematic threshold-based identification
by accounting for driver reaction and braking behaviour. Empirical validation
demonstrates that the proposed method achieves high trajectory prediction
accuracy, rapid conflict identification, and consistent warning performance, thereby
providing real-time technical support for intersection safety management.
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