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As urban density surges, intersection-related pedestrian accidents have be-
come a pressing concern, causing significant human and economic loss. Tradi-
tional safety assessments rely on post-event accident records and lack timely
warning mechanisms. To address this gap, we propose a proactive framework
that forecasts pedestrian risk before incidents occur. First, we extract key traffic
parameters—vehicle volume, pedestrian flow, signal phases, turning movements,
and speeds—using YOLOv12 and ByteTrack on surveillance videos. Then, we
simulate diverse intersection scenarios in SUMO. Finally, a LightGBM model
predicts pedestrian-vehicle conflicts in real time and interprets the most critical
risk factors. Our approach enables urban planners to identify high-risk condi-
tions in advance and implement targeted interventions, leading to substantial
improvements in intersection safety management.
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1 Introduction

According to the National Police Agency (2023), pedestrian-involved accidents
at intersections account for nearly 28% of all road traffic collisions in Taipei, with
hospitalization rates rising by 10% year-over-year [1]. During rush hours, conflicts
between pedestrians and vehicles escalate rapidly, and traditional post-mortem
accident reports fail to provide timely warnings, missing critical opportunities
for early intervention.

Prior studies typically rely on historical accident records and simplified traffic
models to analyze causes after the fact, lacking coverage of dynamic, real-time
traffic conditions. Such approaches cannot detect emergent critical states—e.g.,
sudden surges in pedestrian or vehicle flow or signal timing anomalies—making
preemptive safety measures nearly impossible.

To address this gap, we propose a real-time pedestrian-vehicle conflict predic-
tion framework. Focusing on a typical four-way intersection, our method extracts
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live traffic parameters—pedestrian/vehicle volume, speed, turning movements,
and signal phases—from CCTV footage using YOLOv12 and ByteTrack [3].
We then employ SUMO simulations to model diverse signal timing and driver-
behavior scenarios [5]. Finally, a LightGBM model is trained and interpreted to
generate a pedestrian risk index, highlighting the most critical factors driving
conflict[2].

This study addresses this limitation by proposing a predictive framework that
quantifies pedestrian risk at intersections proactively. Our method first uses in-
tersection surveillance videos processed with YOLOv12 (object detection) and
ByteTrack (multi-object tracking) to extract real-time traffic parameters, in-
cluding vehicle and pedestrian volumes, speeds, turning movements, and signal
timings . These parameters inform realistic intersection simulations using the
Simulation of Urban Mobility (SUMO), enabling comprehensive conflict sce-
nario analysis . A LightGBM predictive model, which is proven one of the most
efficient and effective predictor, is trained by these simulation data and used to
forecast pedestrian-vehicle conflicts under various conditions. Our contributions
are threefold: 1) Shifting from reactive analysis to proactive warning, improving
intersection safety management; 2) Seamlessly integrating computer vision with
microscopic traffic simulation for high-fidelity conflict forecasting; 3) Leveraging
LightGBM’s interpretability to reveal key determinants of pedestrian risk and
guide data-driven intersection design and policy.

2 Methodology

To align with our goal of proactive conflict prediction, our methodology consists
of three stages: Stage 1 (Traffic Data Extraction) captures accurate pedestrian
and vehicle parameters from CCTV feeds; Stage 2 (Traffic Simulation) explores
conflict frequencies under various traffic scenarios in SUMO; Stage 3 (Predictive
Modeling) employs LightGBM to generate a real-time risk index and interpret
key factors.
Stage 1: Traffic Data Extraction. The aim of this stage is to obtain com-
prehensive, real-world intersection data for simulation. We deploy YOLOv12 for
object detection and ByteTrack for multi-object tracking, enabling classifica-
tion and counting of pedestrians, cars, motorcycles, and so on (see Figure 2).
Extracted parameters include vehicle volume, pedestrian flow, mean and maxi-
mum speeds, turning proportions, and signal timing details.

Traffic Simulation Using SUMO. We use the Simulation of Urban Mo-
bility (SUMO) software to simulate realistic pedestrian-vehicle interactions at
urban intersections. Based on extracted traffic parameters, we model a typi-
cal four-way intersection with detailed representations of road geometry, lanes,
pedestrian crosswalks, and distinct signal phases [4]. We explore diverse sce-
narios by considering three key aspects: 1) pedestrian and vehicle volumes, 2)
applying different signal control strategies (Normal, All Red, Priority), and 3)
simulating different driver behaviors such as aggressive acceleration, high maxi-
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Fig. 1. Signal control scenarios.

mum speeds, and varied minimum vehicle gaps. Figure 1 shows the signal control
strategies: ’Normal’ mode changes pedestrian and vehicle signals concurrently;
’All Red’ mode provides exclusive pedestrian phases with clearance intervals;
’Priority’ mode prioritizes pedestrian signals before vehicle green phases. The
primary simulation metric is the number of conflicts, defined by pedestrian-
vehicle proximity (within 1.5 meters) or predicted Time to Collision (below 3
seconds). This metric serves as our pedestrian risk index, quantifying intersection
safety objectively and consistently across scenarios. Analyzing conflict frequen-
cies proactively identifies high-risk conditions, enabling timely interventions to
enhance pedestrian safety.

Predictive Modeling with LightGBM. Simulation outputs serve as the
training set for a LightGBM model, chosen for its efficiency and interpretability.
Input features include pedestrian flow, vehicle flow, max speed, max acceler-
ation, signal mode, and minimum gap. The target variable is the simulated
conflict count (pedestrian risk index). We validate model robustness using 5-fold
cross-validation and leverage feature importance to identify the most critical risk
factors.

3 Case Study

To validate our approach, we conducted a field case study at the Songshan-
YongJi intersection in Taipei, where vehicle and pedestrian flows frequently in-
termingle. We first extracted real-time traffic data via YOLOv12 and ByteTrack
from CCTV footage (Figure 2 ), serving as the input for downstream simulation
and prediction.

After extracting traffic parameters from video data, we conducted detailed
simulations using SUMO. Different intersection scenarios were modeled by vary-
ing these collected parameters. Each scenario was simulated over 20 runs, and the
results presented are the averaged values of these simulations. Figure 3(a) shows
the impact of pedestrian flow on the risk. As pedestrian flow increased from 300
to 700 pedestrians/hour, conflict counts rose from 6,500 to 15,000, with All Red
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Fig. 2. Collecting traffic volume.

Fig. 3. Number of conflicts with traffic parameters varied.

mode yielding the lowest conflicts and Priority mode the highest. This suggests
that simply prioritizing pedestrian signals during peak pedestrian periods can
inadvertently increase conflicts. We recommend adding pedestrian refuge islands
or extending pedestrian green times to disperse crowds and mitigate intersec-
tion contention. Figure 3(b) shows the impact of vehicle flow to the risk. Once
vehicle flow exceeded 600 vehicles/hour, conflicts surged under all signal modes,
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Fig. 4. LightGBM interpretability and feature importance.

peaking near 10,000 in Priority mode. This indicates that under heavy vehicu-
lar traffic, prioritizing pedestrians alone is suboptimal; signal timings must be
further balanced, or physical measures—such as dedicated turn lanes or grade
separation—should be employed to relieve congestion. Figure 3(c) shows the im-
pact of maximum acceleration to the risk. When driver acceleration exceeded 4
m/s2, conflict counts spiked dramatically, highlighting the high risk of aggres-
sive driving. We suggest enhancing driver behavior monitoring and education,
or installing in-vehicle speed/acceleration limiters to curb abrupt accelerations.
Figure 3(d) shows the minimum gap to the risk. Increasing the minimum safe
gap from 1 m to 2 m led to an approximate 200-conflict reduction, with dimin-
ishing returns beyond 2 m. This finding supports enforcing a minimum gap of
at least 2 m to substantially lower pedestrian-vehicle conflicts, providing direct
evidence for traffic regulation.

To identify critical factors influencing pedestrian risk and develop inter-
pretable decision trees, we utilized LightGBM on the dataset derived from SUMO
simulations. Figure 4(a) illustrates the resulting decision tree. The model’s root
node, Pedestrian Flow ≤ 550, highlights pedestrian flow as the most significant
risk factor. Even with moderate vehicle flow or speed, pedestrian flows exceeding
550 individuals per hour substantially increase risk, underscoring the necessity
of targeted interventions during peak pedestrian periods. Figure 4(b) presents
the quantitative feature importance, revealing Pedestrian Flow (importance
≈ 0.58) as the dominant factor, followed by Max Speed (importance ≈ 0.24),
and Vehicle Flow ranking third. Other factors, such as Red Light Scenario,
Max Acceleration, and Min Gap, exhibit comparatively minor importance. Hence,
managing peak pedestrian volumes and enforcing appropriate speed controls
are vital for effectively mitigating pedestrian risks. The model was configured
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with a maximum depth of four levels and a minimum of ten samples per leaf,
using larger fonts for improved visualization clarity. Under this configuration,
the model achieved strong predictive performance, with a Mean Absolute Error
(MAE) of 605.97, Mean Relative Error of 11.0% and an R-squared (R2) value
of 0.894. Thus, this model explains approximately 89.4% of the variance in the
number of conflicts, confirming its effectiveness in risk assessment.

This case study demonstrates our framework’s ability to replicate real-world
intersection conflict patterns and leverage interpretable models to pinpoint the
most critical risk drivers. Actionable interventions, such as optimizing signal
timing during peaks, deploying speed-camera enforcement, and enforcing a min-
imum 2m vehicle gap, can be derived directly from these insights.

4 Conclusion

In an era of rapid urbanization, pedestrian safety has never been more urgent.
Our proactive prediction framework transcends traditional ‘post-accident anal-
ysis’, offering a novel paradigm for intersection safety management. First, by
harnessing YOLOv12 and ByteTrack, we achieve precise, real-time capture of
pedestrian and vehicle flows, significantly improving the fidelity of simulation in-
puts. Second, SUMO simulations across three signal-timing strategies and varied
driver behaviors quantify conflict probabilities under high-risk conditions. Third,
the LightGBM model translates simulated outcomes into an interpretable pedes-
trian risk index, enabling policymakers to immediately identify pivotal factors.
Field validation in our case study further demonstrates how this system can in-
form actionable interventions—optimizing signal timing, enforcing speed limits,
and mandating a minimum 2m gap.
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