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Introduction & Overview Integration with Driving System:

Rule-based criticality detection systems rely on predefined metrics « Anomaly detection is evaluated when no rule-based criticality
and perception outputs to identify safety-relevant scenarios. While trigger is active

effective for known risk patterns, such approaches may fail to capture
unseen or ambiguous situations where no explicit rule is triggered.

« Ensures complementary behavior without redundant detections

This work introduces an anomaly detection framework that learns Smart Data Loop (Continuous Learning)
normal driving behavior and identifies deviations using time-series
modeling of ego vehicle dynamics.

To improve model performance over time, a feedback loop is
implemented:

Motivation & Challenges « Scenarios with reconstruction error between 0.7 and 0.9 are

: : marked as unknown.
* Metric-based approaches cannot capture unknown scenarios.

: : . : These samples are transmitted to a remote server via MQTT.
Perception systems may miss subtle or indirect risks.

The model is retrained using the newly collected data.
Lack of labels for rare or unseen events.

Need for lightweight and real-time anomaly detection. * The updated model is deployed back to the vehicle.

This enables the system to continuously learn and adapt to new

Continuous adaptation required for diverse driving environments. o , , , ,
driving patterns without interrupting operation.

Methodology

Model Behavior

The model learns to reconstruct the ego vehicle's acceleration profile
during normal driving, particularly while driving through junctions.
Given an input acceleration sequence, the LSTM Autoencoder
attempts to reproduce the same signal. A low reconstruction error
indicates normal behavior, while a high error suggests a deviation
from learned patterns.

CONTINUOUS
IMPROVEMENT

The model gets
better with every
uknown scenario

Bottleneck
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Figure 1: LSTM-Autoencoder Architecture. Source: Do et al. (2023
J ( ) Figure 2: Smart Data Loop (Continuous Learning & Improvement ) (© AVL Deutschland

GmbH)
Benefits

Training Strategy

« The model is trained using normal driving data only.

« Detects unseen and unknown scenarios

Training data consists of ego vehicle acceleration during junction
traversal. Complements rule-based criticality detection

Junction scenarios are identified using map-based information No requirement for labeled anomaly data

from OpenStreetMap (OSM), where road topology tags are used to Lightweight and efficient (single signal input)

detect intersections. Enables continuous learning and adaptation

Anomaly Detection

During inference: Conclusion
An LSTM Autoencoder-based anomaly detection framework is
proposed to identify unseen driving scenarios using ego vehicle

dynamics. Combined with a continuous learning pipeline, the system
Decision thresholds: improves robustness and complements existing rule-based detection

e Error<0.7 —» Normal methods.

 The model reconstructs incoming acceleration sequences.

« Reconstruction error is used as the anomaly score.

e 0.7 - 0.9 - Uknown scenarios

« Error>0.9 - Anomaly
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