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MOTIVATION
Traditional road safety diagnosis is a reactive approach, based on historical collision data. This work aims at developing a proactive approach which Length (min)Feature Trajectories|Prototypes
avoids waiting for accidents to happen. There is a need for surrogate safety measures that can also provide complementary information and are easy Conflict | 00:02:58 2941 58
to collect, e.g. requiring shorter observation periods. The observation of traffic conflicts, near-misses, has been advocated as an alternative approach. Minnesota| 02:14:27 83255 128
he advent of powerful sensing technologies, especially video sensors and computer vision techniques, has allowed for the collection of large Italy 01:38:53 138009 58

quantities of detailed traffic data. This work presents a comprehensive probabilistic framework for completely automated systems for road safety
analysis. It provides definitions and computational details of the probability of collision for road users involved in an interaction.
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o is a normalizing constant (typically an average user reaction time); A is the time needed to reach
the potential collision point.
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Considerable work has been done to validate the A simple example Golision Probailty (Sequence 3
Traffic Conflict Techniques (TCT) and the use of e o
traffic conflicts as surrogate safety measures. t H, (0.7) P4 |
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processes that lead to collisions. 0 | i
o our knowledge, there is limited research on 1\ w0 e e 4w a0 w0 4w a0 46
automated systems that can detect traffic conflicts et | .. Lo
. (e g For 2 of the 3 traffic conflict instances for which the collision probability over time is plotted above,
and provide severity indicators (2, 3). 1 querying interactions for which the severity index is superior to 0.1 returns no false positive.
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To aggregate measures over time, a single value to describe the severity
of the whole interaction is needed: Severitylndex(A ,A ) is the average of i
the n largest values taken by P(Collision(A1, A2)|Q1.t<ty, Q2.t<t, ) OVEr g 80 50 ‘
time. A severity index can therefore be defined by 3 0 | _
i 3K InteractionSeverityIndex (|t ta]) = Z(i, i) SeverityIndex(A;, A;) -ZE, 600 w0 | _ :
Image Sequence 9
> 400 ® \g\e/ _ :
__________ . I D “ 10 /\\/e
:' \V \V : FUTURE WORK | | | |
- Traffic Conflict Detection! his framework needs to be extended, in particular to g P 05 06 07 08 09 1 ‘
: ' Exposure Measures take into account multiple collisions. New data is ? S
reracting Benavior... currently being collected to expand the results and £ . e R SN
: e . AN validate the computed measures. Further research is = 04 02 03 04 05 06 07 08 09 1
| «Motion Patterns TRy needed to investigate and validate the relationship of Severity Index
' «\olume, Origin-Destination Count +[nerpretation iSi ili . .
°D?i\ljer??3eh2?/ilgr...es e :____M?E“fl?_s___:: collision probability to safety. 0 2equence; —o—
T REFERENCES 350 Sequenced —— -
The road user detection and tracking module used In this system relies 1.Svensson A. and C. Hydén. Estimating the severity of safety related \ seduenced ——
on a feature-based tracking method (4). The tracking accuracy for motor behaviour. Accident Analysis & Prevention, 2006. 300 | Sequence 6 :
vehicles has been measured between 84.7% and 94.4% on three 2.Hu W., X. Xiao, D. Xie, T. Tan, and S.J. Maybank. Traffic Accident
different sets of sequences. Prediction using 3D Model Based Vehicle Tracking. IEEE Transactions g OR
Motion patterns, represented by actual prototype trajectories without any on Vehicular Technology, 2004 £ oo
special pre-processing, and their probabilities, are learnt incrementally 3.Saunier N. and T. Sayed. Automated Road Safety Analysis Using Video 2 '
using the Longest Common Sub-sequence Similarity (LCSS) (5), suitable Data. Transportation Research Board Annual Meeting 2007 . S im0l
for continuous online update for real-time applications, as traffic patterns 4.Saunier N. and T. Sayed. A feature-based tracking algorithm for E
change in time. For collision probability computation, the partial vehicles in intersections. Third Canadian Conference on Computer and 100 |
trajectories of the road users are matched against the set of learnt Robot Vision, 2006.
prototypes using the LCSS. 5.Saunier N., T. Sayed, and C. Lim. Probabilistic collision prediction for 50 |
vision-based automated road safety analysis. 10th International IEEE
Conference on Intelligent Transportation Systems, 2007. 5 0 . . . — g hy
The authors thank Stefan Atev and Jean-Michel Auberlet for the Minnesota and Italy datasets, B 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Clark Lim and Karim Ismail for their comments, and Isabelle Ducret for the design. Severity Index




