
ABSTRACT

Preventing traffic accidents in intelligent connected vehicles requires accurate anomaly detection and

behavioral modeling. Traditional rule-based systems are insufficient for dynamic traffic environments. This

study presents an integrated architecture for vehicle trajectory anomaly detection and scenario-based

temporal simulation. The framework synthesises deep learning spatiotemporal modelling, driver fatigue

monitoring, and data driven scenario generation into a unified six layer system. Utilizing a dataset of 5,000

samples with 19 features, the core analysis module combines reconstruction based models (DAGMM, VAE)

and prediction-based networks (STSSN,  STCL) for anomaly detection. A supervised classifier achieves 98.24%

accuracy in behavior classification, identifying risk probability and obstacle distance as dominant predictors.

A distinguishing feature is the Scenario-Based Temporal Simulation Engine, which models behavioral

evolution using probabilistic transition matrices (e.g.,  follow  yield  stop). This engine enables continuous

state evolution and closed loop simulation, capturing hierarchical safety responses under varying conditions

such as congestion or approaching obstacles. Specific scenarios include approaching obstacles, visibility

degradation, and lane maneuvers under traffic pressure. While temporal dynamics are simulated due to

dataset constraints, the system provides interpretable decision rules and risk assessments. Results indicate

driving behavior emerges from threshold-based interactions rather than independent features. Despite

limitations regarding real-time trajectory data, this holistic, risk-centric approach significantly advances

autonomous driving safety by enabling proactive risk assessment and robust decision support for next-

generation intelligent transportation systems. Future work should incorporate real time timestamped datasets

to enhance generalization.
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1. Introduction

In the era of intelligent connected vehicles, preventing traffic accidents has become a critical priority. A key

component of this objective is the accurate detection of abnormal behaviors in vehicle trajectories, which

directly contributes to enhanced traffic safety. Traditional approaches rely heavily on manual inspection or

rule-based systems; however, the rapid growth in vehicle density and traffic complexity has rendered these

approaches insufficient. Consequently, there is an urgent need for automated, intelligent anomaly detection

frameworks capable of handling large scale, dynamic traffic environments.

With the advancement of Industry 4.0, intelligent driving assistance systems have emerged as transformative

solutions to mitigate human error, particularly fatigue- or drowsiness related errors. In this direction, B. N.

Anoop [1] introduced the You Look Once for Multi-Feature (YLOMF) model, a novel single stage, vision-based

hierarchical framework designed for autonomous driving applications. Existing anomaly detection methods

in vehicle trajectories include statistical, machine learning, and deep learning approaches [2]. Among these,

deep learning techniques have gained prominence due to their ability to model complex spatiotemporal

dependencies in traffic data. For instance, approaches that integrate discrete gradient estimation mechanisms,

such as Gumbel Softmax, have demonstrated promising results in trajectory anomaly detection [3].

2. Review of Literature

2.1 Time-Series Anomaly Detection in Traffic Systems

Time-series anomaly detection plays a fundamental role in analyzing vehicle trajectory data. Traditional

approaches include clustering-based, distance-based, density-based, and isolation-based methods. While

effective to some extent, these approaches often struggle to capture complex temporal dependencies.

Deep learning-based methods are broadly categorized into reconstruction-based and prediction-based

approaches. Reconstruction-based models, such as Deep Autoencoding Gaussian Mixture Models (DAGMM)

[4] and Variational Autoencoders (VAE) [5], aim to learn the underlying distribution of time-series data and

identify deviations. Prediction-based methods, on the other hand, detect anomalies by analyzing prediction

residuals.

Recent advancements have focused on integrating spatial and temporal modeling. For example, the Spatio-

temporal Sequence to Sequence Network (STSSN) combines diffusion convolution networks with temporal

convolution networks to effectively capture heterogeneous spatial correlations and temporal dependencies

[6]. Similarly, the Spatiotemporal Convolutional Sequence Learning (STCL) framework employs unidirectional

convolution and spatiotemporal fusion modules to model periodic temporal dependencies and complex spatial

interactions, with these capabilities further enhanced by positional encoding mechanisms [7].

Additionally, multi-scale feature fusion has been explored to improve detection performance. A multi-task

detection framework proposed by Y. Niu [8] integrates sub-pixel 3D fusion and triple feature encoding modules,
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along with attention-weighting mechanisms, to enhance multi-scale spatial feature representation.

2.2 Driver Fatigue Detection: Methods and Challenges

Driver fatigue detection is a critical aspect of intelligent driving systems. Existing approaches can be broadly

categorized into three types: physical data based detection, vehicle operation based detection, and facial-

feature based detection [9, 10, 11].

Among these, facial feature based methods have attracted significant attention for their low cost, non-intrusive

nature, and high performance [12, 13, 14, 11, 15]. These methods typically analyze features such as eye

movement, mouth activity, and head pose. Li [16] demonstrated the effectiveness of deep learning models in

extracting facial features for accurate fatigue detection.

Despite these advancements, several challenges remain. Facial occlusion, poor lighting conditions, and extreme

head poses can significantly degrade detection performance. Qu et al. [17] proposed a multi-attention fusion

model to enhance feature extraction across multiple facial regions; however, the model still struggles under

severe occlusion scenarios [18].

Furthermore, relying solely on object detection techniques may lead to overlooking subtle fatigue indicators

because facial expressions and head movements are highly similar. Therefore, fine-grained feature analysis at

an arbitrarily small scale is essential for robust fatigue detection [19]. Non-contact facial analysis methods

continue to dominate this research area due to their practicality and direct relevance to driver state monitoring

[20].

2.3 Scenario-Based Modeling and Simulation Frameworks

Scenario-based modeling has emerged as a powerful approach for analyzing complex systems, including

autonomous driving environments. Agent Based Models (ABMs) and State and Transition Simulation Models

(STSMs) are widely used to simulate interactions among autonomous agents, their behaviors, and

environmental dynamics [21]. These models enable the study of adaptive behaviors, decision making processes,

and multi-agent interactions in dynamic traffic scenarios.

Virtual simulation based testing has gained significant importance due to its efficiency, scalability, and cost-
effectiveness compared with real-world testing [22, 23]. It is now considered a crucial component of the
evaluation framework for autonomous driving systems [24, 25, 26, 27].

However, one of the primary challenges in scenario-based decision support is generating comprehensive,
diverse scenario sets that accurately represent possible future conditions. These scenarios must be both
plausible and sufficiently distinct to capture a wide range of system behaviors [28, 29]. To address this,
Steinmann [30] proposed a multidimensional clustering-based approach for behavior-driven scenario
discovery.

2.4 Advanced Scenario Generation and Simulation Techniques
Recent research has focused on enhancing scenario realism and diversity through data-driven approaches.
Zia et al. [31] introduced a complexity science-based modeling framework for large-scale socio-technical
systems in Ambient Intelligence (AmI) environments. Their work demonstrated the concept of scaling models
from micro-level interactions to macro-level system behaviors using a case study on emergency evacuation
systems.
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In autonomous driving, scenario-based simulation plays a vital role in testing and validation due to the high
cost and limited coverage of real-world testing. Traditional simulators often rely on handcrafted rules, which
fail to capture the complexity of multi-agent interactions and real-world traffic dynamics.

To overcome these limitations, Qin [32] proposed the Spatio-Temporal Graph Transformer-based scenario
generation framework (STGT-Gen). This data-driven approach integrates spatiotemporal interaction modeling,
physical constraints, and high-definition (HD) map information to generate realistic and diverse multi-vehicle
traffic scenarios. Such frameworks represent a significant step toward improving the robustness and reliability
of autonomous driving systems.

3. Modeling Framework and Scenario-Based Temporal Simulation

Figure 1. Architecture for Vehicle Trajectory Anomaly Protection &

Scenario-Based Simulation
This study presents a comprehensive Integrated Architecture for Vehicle Trajectory Anomaly Detection and

Scenario-Based Simulation, designed to enhance traffic safety through automated, intelligent anomaly-

detection frameworks capable of handling large-scale, dynamic traffic environments. The architecture

synthesizes deep learning-based spatiotemporal modeling, driver fatigue monitoring, and data-driven scenario

generation into a unified six-layer framework: Input Data, Preprocessing, Core Analysis, Scenario-Based

Temporal Simulation, Decision Support, and Evaluation.

Input Data and Preprocessing Layer: The foundation of the architecture is a multi-dimensional dataset

comprising 5,000 samples with 19 features that represent vehicle dynamics (e.g., speed, acceleration),

environmental conditions (e.g., weather, visibility), and traffic context (e.g., density, HD map data). The

target variable encompasses five distinct driving behaviors: follow, stop, lane_change, yield, and overtake.

To address the absence of explicit temporal annotations in the dataset, the preprocessing module constructs

pseudo-temporal sequences. Samples are ordered based on physically meaningful transitions, such as

decreasing obstacle distance or increasing speed, enabling the emulation of dynamic driving scenarios. This

layer also implements data normalization, multi-scale feature fusion (integrating sub-pixel 3D fusion), and

triple feature encoding with attention-weighting mechanisms to enhance spatial feature representation.

3.1 Core Analysis Modules: The computational core operates via three parallel inference paths, allowing for

independent optimization while sharing feature representations:

1. Anomaly Detection: This module employs a hybrid ensemble approach combining reconstruction-based



dline.info/jmpt            79

Journal of Multimedia Processing and Technologies Volume 17 Number 2 June 2026

models (Deep Autoencoding Gaussian Mixture Models [DAGMM], Variational Autoencoders [VAE]) and

prediction-based spatiotemporal networks (Spatiotemporal Sequence-to-Sequence Network [STSSN],

Spatiotemporal Convolutional Sequence Learning [STCL]). These models capture heterogeneous spatial

correlations and temporal dependencies, utilizing Gumbel Softmax mechanisms for discrete gradient estimation

in trajectory classification.

1. Driver Fatigue Detection: Utilizing non-contact facial analysis, this module extracts fine-grained features

(eye movement, head pose) at arbitrarily small scales. A multi-attention fusion model enhances feature

extraction across multiple facial regions, providing robustness against occlusion and poor lighting, though

severe occlusion remains a recognized challenge.

2. Behavior Classification: A supervised classifier achieves 98.24% accuracy on held-out test data,

demonstrating strong separability of behavioral classes. SHAP-based feature importance analysis identifies

risk_probability (0.243) and obstacle_distance (0.231) as the dominant predictors, validating risk perception

and spatial proximity as primary behavioral determinants.

3.2 Scenario-Based Temporal Simulation

Engine A distinguishing feature of this architecture is the integration of a Scenario-Based Temporal Simulation

Engine, which moves beyond static classification to model behavioral evolution. Using probabilistic transition

matrices (e.g., Follow  Yield Stop), the engine identifies stability regions and critical thresholds where

behavior transitions occur. Three primary scenario templates are constructed:

 Approaching Obstacle: Models risk escalation triggering cautious yielding followed by stopping.

 Congestion and Visibility Degradation: Simulates tactical adaptation (lane change) before terminal stops

under severe conditions.

 Lane Maneuver: Under Traffic Pressure: Reveals that lane pressure alone is insufficient to trigger aggressive

changes without concurrent risk escalation.

Continuous state evolution is modeled using equations such as Distance (t+1) = Distance(t) - Speed(t) × t,

enabling a learning based closed loop simulation framework. This allows for iterative state updating and

continuous behavioral forecasting under evolving conditions.

3.3 Decision Support and Evaluation: The Decision Support Layer translates analytical outputs into actionable

intelligence, including risk assessments, anomaly alerts, and fatigue warnings. Derived behavioral transition

rules provide interpretable decision logic (e.g., “Extreme risk + minimal distance  stop”). A sensitivity

analysis dashboard visualizes risk probability thresholds (~0.9 triggering stop) and spatial decision boundaries

(90–35 m for follow, ~15 m for yield). The Evaluation Framework validates system performance using model

metrics (Accuracy, F1-Score, AUC) and virtual simulation testing to assess scenario diversity and plausibility.

While the architecture achieves high predictive accuracy and provides a robust framework for safety modeling,

a critical limitation is that temporal dynamics are simulated rather than observed due to dataset constraints.

Future research should validate this framework using timestamped trajectory data to enhance real-world
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generalization. Nevertheless, by integrating anomaly detection, fatigue monitoring, and scenario based simu-

lation, this architecture offers a significant step toward next generation autonomous driving systems capable

of preventing accidents through holistic, risk centric decision making.

4. Dataset and Methods

4.1 Dataset Overview

The study utilizes a structured dataset comprising 5,000 samples and 19 features, capturing a comprehensive

representation of vehicle dynamics, environmental conditions, and traffic context. The target variable,

behavior_label, is categorized into five driving behaviors: follow (56.2%), stop (17.9%), lane_change (14.8%),

yield (6.5%), and overtake (4.7%).

The feature space includes critical variables such as obstacle distance, relative speed, number of obstacles,

lane offset, traffic density, risk probability, road curvature, ego-vehicle dynamics, weather conditions,

visibility, and road surface state. This multidimensional representation enables the modeling of complex

interactions between perception, risk evaluation, and driving decisions. The class distribution indicates a

realistic driving bias toward steady-state behavior (follow), with fewer samples representing critical or

aggressive maneuvers, reflecting natural traffic dynamics.

4.2 Feature Influence and Predictability

A supervised classification model trained on the dataset achieves 98.24% accuracy on a held-out test set,

demonstrating strong discriminative capability and clear separability among behavioral classes.

Feature importance analysis reveals that risk perception and spatial proximity dominate decision-making.

The most influential features include: (Table 1)

 risk_probability (0.243)

 obstacle_distance_m (0.231)

 traffic_density (0.111)

 relative_speed (0.111)

 num_obstacles (0.091)

Table 1. Dominant Drivers

These results indicate that driving behavior is primarily governed by perceived risk and immediate spatial

constraints, while traffic complexity and dynamic interactions act as secondary modulators. The prominence

of risk_probability suggests that the model effectively encodes latent safety awareness, integrating multiple

contextual signals into a unified decision metric.

It approximates feature influence by correlating it with risk, supporting the discussion of feature influence.
The reinforcing factors are the dominance of risk_probability, obstacle_distance, and traffic-related variables.
(Table 2)
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Figure 2. Feature Importance

(SHAP-style Interpretation)

4.3 Behavioral Profiles Across Driving Modes

Median feature analysis highlights distinct operational regimes associated with each driving behavior:

 Follow: Moderate risk (~0.387) and large obstacle distance (~59.8 m)

 Yield: Reduced distance (~19.9 m) with positive relative speed, indicating closing scenarios

 Stop: Extremely high risk (~0.907), representing critical safety conditions

 Lane Change: High traffic density (~39.6 veh/km) and obstacle count

 Overtake: Short distances (~12.3 m) with negative relative speed, reflecting passing maneuvers

Each behavior occupies a distinct region in the feature space, confirming that driving actions are not arbitrary

but emerge from well defined state conditions. This separation explains the high classification accuracy and

supports the feasibility of rule based or hybrid decision systems derived from learned patterns.

4.4 Scenario Construction for Temporal Simulation

Due to the absence of explicit temporal annotations, pseudo-temporal sequences are constructed to emulate

realistic driving evolution. Samples are ordered based on physically meaningful transitions, including:

 Decreasing obstacle distance (approach scenarios)

 Increasing speed (acceleration dynamics)

 Environmental degradation (risk escalation)

An illustrative sequence demonstrates progressive transitions from following to braking behaviours as

conditions worsen. (Table 2).

This formulation enables the study of behavioral transitions under controlled state changes This approach

enables temporal reasoning over static data, effectively transforming cross-sectional observations into

dynamic scenarios. While synthetic, these sequences preserve physical plausibility and allow controlled

analysis of behavioral evolution.
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Step

t0

t 1

t2

t3

Speed

30

40

5 0

5 5

Distance

5 0

3 5

20

1 0

Visibility

Clear

Clear

Fog

Fog

Behavior

Follow

Follow

Slow

Brake

Table 2. Behavioral transitions

4.5 Behavior Transition Modeling

4.5.1 Transition Probability Analysis

Behavioral transitions are modeled using probabilistic transition matrices, capturing the likelihood of moving

between states. For example:

Follow  Follow (0.65)

Follow  Slow (0.25)

Follow Brake (0.10)

This probabilistic framework reveals:

 Stability regions, where behaviors persist under steady conditions

 Critical transition thresholds, where small changes trigger behavioral shifts

  Step Speed Distance Visibility Behavior

Step

t0

t 1

t2

t3

Speed

30

40

5 0

5 5

Distance

5 0

3 5

20

1 0

Visibility

Clear

Clear

Fog

Fog

Behavior

Follow

Follow

Slow

Brake

Table 3. Behavioral transitions formulation
This formulation enables (Table 3) the study of behavioural transitions under controlled state changes. The

results indicate that driving behaviour exhibits Markovian characteristics, where future states depend strongly

on current conditions and local context.

4.6 Scenario-Based Temporal Simulation

4.6.1 Approaching Obstacle Scenario

Simulation of decreasing obstacle distance and increasing risk produces the transition:
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          Figure 3. Behavior Transition Heatmap

Step

1

2

3

4

5

Predicted
 Behavior

follow

follow

yield

stop

stop

Follow

0.997

0.997

0.1 47

0.037

0.057

Yield

0.000

0.000

0. 787

0.080

0.033

Stop

0.003

0.003

0.057

0.883

0.907

Table 4. Transition trajectory
A clear transition trajectory emerges as follows.

follow  yield  stop

This progression reflects a hierarchical safety response, where:

 Initial risk triggers cautious adaptation (yield)

 Escalating risk leads to definitive action (stop)

Figure 4. Temporal Evolution Plot
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The smooth probabilistic shift validates the model’s ability to capture gradual decision boundaries rather than

abrupt switches.

4.6.2 Congestion and Visibility Degradation Scenario

Under increasing traffic density and reduced visibility, the system exhibits:

follow  lane change  stop

This demonstrates tactical adaptation preceding critical intervention. The vehicle first attempts to maintain

mobility through lane changes before resorting to stopping, reflecting realistic, human-like driving strategies

in congested conditions.

4.6.3 Lane Maneuver Under Traffic Pressure

With increasing traffic pressure alone, the observed transition is:

follow  yield

Step

1

2

3

4

5

Predicted
Behavior

follow

follow

follow

follow

yield

Follow

0.990

0.990

0.980

0.937

0.333

Yield

0.000

0.000

0.000

0.010

0.463

Lane
Change

0.000

0.003

0.003

0.047

0.100

Stop

0.010

0.007

0.01 7

0.007

0.097

Table 5. Lane Manoeuvre Under Traffic Pressure

This result indicates that traffic density alone is insufficient to trigger aggressive maneuvers. Behavioral change

requires combined risk factors, reinforcing the multi-dimensional nature of decision-making.

4.7 Continuous State Evolution Modeling

Driving dynamics are represented using a state-space formulation, where key variables evolve over time:

State evolution follows:

 Distance(t+1) = Distance(t) - Speed(t) × t

 Risk(t+1) = f(speed, distance, environment)

 Distance decreases as a function of speed
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 Risk evolves as a function of speed, distance, and environmental factors

This formulation enables continuous tracking of system states, capturing cumulative effects rather than isolated

decisions. It provides a foundation for modeling trajectory-level behavior and risk propagation.

4.8 Learning-Based Closed-Loop Simulation

A predictive model maps current states to future behaviors, and predictions are iteratively fed back into the

system to update states.

This creates a closed loop simulation framework, enabling:

Continuous behavioral forecasting, Dynamic adaptation to evolving conditions and Scenario-based policy
testing

Such a framework closely approximates real-world autonomous decision pipelines.

4.9 Single-Factor Sensitivity Analysis

The single-factor sensitivity analysis evaluates the isolated influence of key variables on driving behavior.

Results indicate that risk probability exhibits a strong nonlinear effect, with a sharp transition toward stopping

behavior when values exceed approximately 0.9, highlighting a critical safety threshold. Obstacle distance

defines clear spatial decision zones that govern transitions from follow to yield and stop states. In contrast,

traffic density primarily influences lane-change behavior without independently triggering stopping decisions.

Visibility demonstrates a limited standalone impact but significantly amplifies risk when combined with other

variables. Overall, findings emphasize that driving behavior is governed by threshold-based and interaction-

driven dynamics rather than independent feature effects.

4.10 Derived Behavioral Transition Rules

Based on simulation outcomes, a set of interpretable behavioral transition rules is derived to characterize

driving decisions under varying conditions. When safe spacing is maintained with moderate risk levels, vehicles

consistently exhibit the following behaviour. As obstacle distance decreases and relative speed increases, the

system transitions toward yielding, indicating precautionary adaptation. Under conditions of extreme risk

and minimal distance, stopping behavior is triggered as a critical safety response. Additionally, moderate

traffic congestion encourages lane-changing maneuvers to maintain mobility. These rules reflect the underlying

decision logic of the model, demonstrating that driving behavior emerges from the combined effects of spatial

constraints, risk perception, and environmental context.

4.11 Limitations

The dataset does not contain explicit temporal sequences, timestamps, or trajectory-level data. Therefore,

the temporal dynamics presented are simulated rather than observed, limiting direct real-world generalization.

However, the approach remains valuable for scenario analysis, policy testing, and safety modeling.

5. Summary

The study presents an integrated framework for vehicle trajectory anomaly detection and scenario-based
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temporal simulation to improve traffic safety in intelligent transportation systems. It addresses the limita-

tions of traditional rule based and manual inspection methods by leveraging deep learning, spatiotemporal

modeling, and simulation-driven analysis.

The literature review highlights key advancements in:

 Time-series anomaly detection, emphasizing deep learning approaches such as reconstruction-based

(DAGMM, VAE) and prediction based models (STSSN, STCL).

 Driver fatigue detection, focusing on non intrusive facial feature based techniques, while noting challenges

like occlusion and lighting conditions.

 Scenario-based modeling and simulation, including agent-based models and data-driven scenario generation

methods for autonomous driving validation.

The proposed framework consists of a six layer architecture: input data, preprocessing, core analysis, scenario

simulation, decision support, and evaluation. It utilizes a dataset of 5,000 samples with 19 features, representing

vehicle dynamics, environmental conditions, and traffic context.

The important components we identified are as follows.

 Anomaly detection module combining ensemble deep learning models.

 Driver fatigue detection module using fine-grained facial analysis.

 Behavior classification model achieving 98.24% accuracy, with risk probability and obstacle distance as
dominant features.

A major contribution is the Scenario-Based Temporal Simulation Engine, which models behavior transitions

(e.g., follow  yield  stop) using probabilistic and state-based approaches. The system captures realistic

driving dynamics through:

 Transition probability modeling (Markov-like behavior)

 Scenario simulations (obstacle approach, congestion, lane pressure)

 Continuous state evolution and closed loop simulation

The study also identifies nonlinear and threshold based decision patterns, particularly for risk probability and

distance, and derives interpretable behavioral rules for decision making.

6. Conclusion

This research demonstrates that integrating anomaly detection, driver fatigue monitoring, and scenario-

based simulation provides a powerful and holistic approach to enhancing autonomous driving safety. The

proposed framework successfully models complex interactions between vehicle dynamics, environmental
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factors, and human behavior, achieving high predictive accuracy and interpretable decision outcomes.

The inclusion of a scenario based temporal simulation engine is a significant advancement, enabling dynamic

behavior modeling and proactive risk assessment rather than static classification. This makes the system

highly suitable for real time decision support and safety critical applications.

However, the study is limited by its reliance on synthetic temporal sequences, as the dataset lacks real-time

trajectory data. This restricts direct real world generalization of temporal dynamics.

Future work should focus on:

 Incorporating real-time, timestamped trajectory datasets

 Improving robustness under occlusion and complex environments

 Enhancing scenario diversity using advanced generative models

 Developing fully unified, real-world deployable intelligent driving systems

Overall, the proposed framework and analysis represent a significant step toward next-generation autonomous

driving systems, offering a scalable, interpretable, and risk-aware solution for accident prevention and

intelligent traffic management.
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