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[Abstract]

In this paper, we propose a new approach by analyzing driver behavior and gaze changes within the
vehicle in real-time to assess and predict the risk of traffic accidents. Utilizing data analysis and
machine learning algorithms, this research precisely measures drivers' abnormal behaviors and gaze
movement patterns in real-time, and aggregates these into an overall Risk Score to evaluate the
potential for traffic accidents. This research underscores the significance of internal factors, previously
unexplored, providing a novel perspective in the field of traffic safety research. Such an innovative
approach suggests the feasibility of developing real-time predictive models for traffic accident prevention
and safety enhancement, expected to offer critical foundational data for future traffic accident prevention

strategies and policy formulation.
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I. Introduction
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Table 1. Research on Driver Abnormal Behavior and Gaze
Objective Author Model Description
Song[10] CNN-LSTM Real-time driver anomaly detection

Xing et al[11] VGG-16 Normalization-based abnormal.behawor classification model
Anomaly performance improvement
Detection Zhang et al.[12] MobileNet Lightweight Driver Abnormal Behavior Classification Model

Yang et al.[13] 3D-MobileNet Video-based drowsiness detection model

Li et al.[14] Mult H.ead Abnormal Behavior Detection Model using Contrastive Learning
Attention

Distraction Tango et al.[15] SVM Classification model based on driver’s distraction
Detection Kim and Ryu[16] MTCNN Multiple classification models based on driver gaze points
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III. The Proposed Method
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Fig. 1. Areas Based on Driver's Line of Sight
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2.2 Risk Scores based on Gaze Changes
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Table 2. Driver’s Abnormal Behavior
Accidents/Deaths/Injuries Statistics
Catedor Accidents Deaths Injuries
gory (event) (person) (person)
Drunk 19.381 346 32.925
Driving
Drowsy 1.308 53 2.656
Driving
safe Driving | 1) 597 2.594 12.205
Failure
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Algorithm 1. Abnormal Behavior Risk Score Algorithm
Algorithm 1 : Abnormal Behavior Risk Score Algorithm
1. Set a =90, # =2 // @ is a Death factor and B is a Injury factor
2. Input @ Behaviors[] // Each behavior contains Array [Acc, Death, Injuryl
3. Output : ABRSI] // Abnormal Behavior Risk Score Array
4, Procedure Normalize(MinVal, MaxVal, Behavior) // Normalization Process
5. NormBehavior = []
6. For value in Behavior
7. NormValue = (value - MinValue) / (MaxValue - MinValue)
8. NormBehavior.Append(NormValue)
9. End For
10. Return NormBehavior
11. End Procedure
12.
13. Begin
14. For Behavior in Behaviors
15. MaxVal, MinVal = max(Behavior), min(Behavior) // Max & Min Value in Behavior
16. N_B = Normalize(MinVal, MaxVal, Behavior)
17. RF = N_B.Death * a + N_B.Injury * g // Calculate accident severity factor for abnormal behavior
18. B_ABRS = VRF? + Ac? // Calculate behavior's ABRS(Abnormal Behavior Risk Score)
19. ABRS.Append(B_ABRS)
20. End For
21. End
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Table 4. Detailed Driver's Distraction Behavior
Statistics

Behavior Accidents

(event)

Vehicle Control 78
(Navigation, Air Conditioning, etc.)
Cell Phone Use 198
(Manipulation, Call, etc.)
Act of Searching for Items 69

Input Data : Detailed Driver’s Distraction Behavior

|

Data Processing : Min-Max Normalization
(Detailed Driver’s Distraction Behavior)

l

Multiply Safe Driving Failure’s ABRS with
Normalized Detailed Driver’s Distraction Behavior

Fig. 3. Detailed Driver’s Distraction Behavior ABRS
Scoring Method

Table 5. Driver’'s Abnormal Behavior Risk Score Index

Behavior Risk Score

Index

Drunk Driving 2.084

Drowsy Driving 2.057

Vehicle Control 1013

(Navigation, Air Conditioning, etc.) ’

Cell Phone Use

(Manipulation, Call, etc.) 0.399

Act of Searching for Items 0.353
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