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Abstract. Video capturing devices with limited storage capacity have
become increasingly common in recent years. As a result, there is a grow-
ing demand for techniques that can effectively analyze and understand
these videos. While existing approaches based on data-driven methods
have shown promise, they are often constrained by the availability of
training data. In this paper, we focus on dashboard camera videos and
propose a novel technique for recognizing important events, detecting
traffic accidents, and trimming accident video evidence based on anomaly
detection results. By leveraging meaningful high-level time-series ab-
straction and logical reasoning methods with state-of-the-art data-driven
techniques, we aim to pinpoint critical evidence of traffic accidents in
driving videos captured under various traffic conditions with promising
accuracy, continuity, and integrity. Our approach highlights the impor-
tance of utilizing a formal system of logic specifications to deduce the
relational features extracted from a sequence of video frames and meets
the practical limitations of real-time deployment.

Keywords: Logic Specifications for Images and Videos. Systems with
Learning-Enabled Components. Runtime Assurance.

1 Introduction

Dashboard cameras that are designed to continuously record video footage
have become increasingly popular among vehicle owners [24125]. However, this
design faces inherent limitations, particularly due to limited device storage ca-
pacity. For example, critical video evidence can be overwritten by continuous
loop recording dashcams. Thus, there is a growing need for automated acci-
dent detection mechanisms that can identify relevant incidents captured in these
recordings, such that important evidence can be preserved, while irrelevant sec-
tions of longer recordings can be trimmed and discarded on the fly.

Training a neural network to directly predict the anomaly label of each
frame for accident detection is a potential approach (e.g. |8,/16]). However, this
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Fig. 1. Our approach leverages runtime logic verification, data-driven detection, and
contextual information to accurately identify dangerous scenes in driving videos.

method typically demands a substantial amount of hand-annotated data, which
may not always be practical or feasible to obtain . Furthermore, ensuring
that the dataset is diverse enough to capture the range of accident scenarios
adds another layer of complexity .

An additional concern arises when data-driven models produce unrealistic
labels while they are deployed online. For example, the labels may exhibit discon-
tinuous behavior, jumping back and forth across consecutive frames. Such pre-
dictions contradict the continuous nature of accidents, which have clear starting
and ending points. Ideally, the algorithm should produce consistent and contin-
uous predictions in line with our understanding of accidents in reality.

Targeting these challenges, we propose a new framework for detecting driv-
ing accidents from dashboard camera recordings that address various accident
scenarios without requiring access to additional privacy-sensitive information.
Our approach is a lightweight framework that combines data-driven techniques
with different types of logical properties, allowing for easy adaptation to different
scenarios during deployment.

More specifically, we first demonstrate that high-level time-series features
exhibit strong associativity with the occurrence of traffic accidents through su-
pervised learning methods. Additionally, under other conditions being equal, the
extensional experiment exhibits that the vision-based deep learning model incor-
porated with the interpretive time-series abstraction could exceed the pure vision
model. From this, we give solid proof that the extracted interpretive contextual
features have high discriminability for accident detection indeed. To further im-
prove the accuracy and usability of the detection results, our proposed framework
incorporates multiple types of logic properties for verification at runtime. Fig.
depicts an overview of our proposed approach.

This integration allows our proposed method to demonstrate more stable
and robust performance, based on essential patterns captured from not only pure
vision data but also interpretive time-series abstraction. For example, significant
fluctuations in the sizes of bounding boxes can be observed in abnormal scenes,
as compared to normal driving behaviors. Moreover, logic specifications as such
are not limited to specific environments, road types, or times of the day. There-
fore, the proposed method applies to different driving scenarios and does not



require extra training data for each scenario, unlike most existing data-driven
approaches. To summarize, our framework offers the following contributions:

— We propose a two-step system to detect accidents in continuous driving videos.
The system leverages vision-based algorithms, contextual information, and
runtime supervision with higher-order logic to improve predictions.

— We extract interpretive high-level time-series features which capture impor-
tant patterns and characteristics of abnormal scenes, enabling accurate and
reliable accident detection.

— We further ensure the continuity, robustness, and generalizability of our frame-
work under various driving scenarios by utilizing knowledge refined from the
abstraction of high-level logic properties.

2 Related Work

Previously, data-driven approaches have demonstrated remarkable perfor-
mance in detecting dangerous driving scenes and traffic accidents by leveraging
offline-trained deep models (e.g., Zhao et al. [34], Doshi et al. [14]). However,
data-driven methods for video-based accident detection face the inherent issue
of dataset scarcity [4]. While large-scale vision datasets exist (e.g., Geiger et
al. |[17]), publicly available traffic anomaly datasets specifically designed for every
detection algorithm’s objective are limited. On the other hand, formal logic has
found widespread application in image-related tasks. For example, Dokhanchi et
al. [12| propose Timed Quality Temporal Logic to assess the quality of object
detection algorithms in terms of spatio-temporal logical relations. Additionally,
Balakrishnan et al. [2}/3] extend this work, enabling the specification and moni-
toring of logic to evaluate the results of object detection algorithms with objects
appearing at different times.

In recent years, the integration of rules into empirical methods has gained
traction as a strategy to enhance the robustness of data-driven research [15}[22]
27]. This approach enables researchers to apply well-established theoretical con-
structs and expert specifications to observational or empirical models, thereby
improving the reliability and validity of their findings [33]. Notable examples of
this research direction include Bakar et al.’s Tsetlin Machine [1], a lightweight
automata learning algorithm utilizing propositional logic, and a recent work by
Hashemi et al. |18| exploring the integration of temporal logic into control sys-
tems, allowing for the leveraging of a more diverse range of domain knowledge.
To the best of our knowledge, this work represents the first investigation into
the utilization of logical reasoning as a verification strategy to enhance overall
detection performance on video-based driving datasets.

3 DMotivating Study

To examine the difficulties of real-time accident detection in long driv-
ing videos, we present two motivating studies in this section. Firstly, we find
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Fig. 2. Each column represents a randomly chosen video, while each row represents
a meaningful high-level time-series feature, displayed sequentially. In row 1, a larger
discrepancy in the L2 norm distance between two adjacent frames indicates an increased
risk. In row 2, a larger pixel area of the car object’s bounding box implies a higher
level of risk. Row 3 shows a shorter distance (the distance feature is extracted from a
thermal map, thus larger value implies a shorter distance) between the detected car
object and the ego vehicle signifies a higher level of risk. Lastly, row 4 shows risky
situations are usually accompanied by a higher number of unknown detected objects.

that time-series features exhibit a promising ability for anomaly differentiation.
Thus, we incorporate this implicit contextual knowledge into empirical models
to enhance their performance. Secondly, we observe discontinuity issues in the
predictions made by end-to-end algorithms. As a solution, we emphasize the
importance of incorporating logic verification to address this practical concern.

3.1 Analysis on High-Level Time-Series Abstraction

To demonstrate the distinguishing feature patterns between accident and
non-accident driving video frames, we focus on four crucial high-level time series
features. These features have been identified based on the feature importance
factor of a trained Random Forest (RF) [5] model, as illustrated in Fig

By combining these observations, we gain a more insightful understanding of
how accident frames can be distinguished from normal scenes. In the figure above,
we randomly select five videos as columns, where the orange points represent ab-
normal (accident) frames, and the blue points represent normal (non-accident)
frames in the driving video sequence. In particular, the first row demonstrates
that large gaps between adjacent frames indicate an elevated risk factor. Consid-
ering an accident as an out-of-control scenario, it is easy to correlate these large
gaps with reasons such as driving too fast or encountering sudden unexpected
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