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Introduction



Introduction

• More than 118,000 LXs in the 28 countries of the E.U.;
• More than 1,200 accidents in E.U. every year; 
• More than 300 deaths in E.U. per year;
• Over 15,000 LXs in France;
• Around 13,000 show heavy roads and railway traffic.
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Present Works



Present Works

BNI-RR framework: Bayesian Network (BN) based Inference for Risk Reasoning (BNI-RR)
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 Risk scenario definition

 Real field data collection and processing

 BN model establishment

o Causality discovery

o Causality optimizing

o Parameter definition

 Model prediction performance validation

o The Receiver Operating Characteristic (ROC) curve 

o The Area Under the ROC Curve (AUC)
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1) Automated LX with 4 half barriers
and lights (SAL4); 

2)   Automated LX with 2 half barriers
and lights (SAL2);

3)   Automated LX with lights but 
without barriers (SAL0); 

4)   Crossbuck LX.

SAL: Signalisation Automatique Lumineuse

Table 1. Accidents at French LXs during the last 40 years

Present Works - Risk scenario definition

“Motorized vehicles cross SAL2 LXs 
when trains are approaching”

The main transport mode causing 
accidents at SAL2: motorized vehicle
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Present Works - Real field data collection and processing

Database 1 (D1): accident 2004-2013 
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Get all static parameters we want to analyze;
Fatalities and injuries;
No accident causes and no relationship between human factors and accidents;

Database 2 (D2): accident 2010 – 2013
 Including accident causes: zigzag, alignment, etc.
 Lack of static parameters for each LX :

Using LX ID, line ID and Date to make data merging
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A new database, named ND, 2010 - 2013: 1) the LX accident information, 2) static 
railway, roadway and LX characteristics, 3) the number of fatalities and injuries, and 
accident causes related to static factors and motorist behavior.
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Data processing
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 Continuous variables -> Discretization: Railway Speed Limit, Corrected 
Moment, Railway Traffic Density, Road Traffic Density, Width, Length, Region 
risk factor;
Divided into 3 groups, each group having the similar number of samples;

 Finite discrete variables: Alignment, Profile, Motorist Inappropriate Behavior, 
Stall on LX, Blocked on LX, Stop on LX;
Each value corresponds to a state;

Present Works - Real field data collection and processing
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Definition of states of nodes
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 PriC nodes: Primary causes;

 SC nodes: Secondary causes;

 TC nodes: Third-level causes;

 Consequence nodes;
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Table 3. Consequence severity definition

o Increasing progressively from level 1 to 5;

Present Works - Real field data collection and processing

Present Works Contributions & PerspectiveIntroduction



Present Works - BN model establishment
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 Causality discovery

o Causal BN
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BN = (P,G)

G = (N, L)

GC : a 3-tuple causal DAG (Directed Acyclic Graph)

IF : a set of causes, IF= x1, x2, … , x𝑛

G
𝐶
= 𝐼𝐹, 𝑇𝐻𝐸𝑁, 𝐶𝐴𝐾

THEN : a set of consequences, T𝐻𝐸𝑁 = y1, y2, … , y𝑚

CAK  (CAusal Knowledge): a set of directed pairs of the cause x𝑖 and consequence y𝑗

CAK= (x𝑖 , y𝑗)|x𝑖 ∈ 𝐼𝐹, y𝑗 ∈ 𝑇𝐻𝐸𝑁, 𝐼𝐹 ≠ ∅, 𝑇𝐻𝐸𝑁 ≠ ∅

e.g.,

x𝑖 , y𝑗 : a directed variable pair that describes the structure of G
𝐶

: x𝑖 → y𝑗

G
𝐶
= 𝐼𝐹 = B1, B2 , 𝑇𝐻𝐸𝑁 = 𝐴 , 𝐶𝐴𝐾 = { B1, 𝐴 , (B2, 𝐴)}
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 Preliminary causality discovery: automatic structure learning

o The Bayesian Search (BS) algorithm

o The Essential Graph Search (EGS) algorithm

o The Greedy Thick Thinning (GTT) algorithm

o The Naive Bayes approach

o The Augmented Naive Bayes (ANB) algorithm

o The Tree Augmented Naive Bayes (TAN) algorithm
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Shortcomings:
• inconsistent with the causal relationships in reality;
• more likely correlations rather than causalities in reality;
• impede identification of important causes;

Present Works - BN model establishment
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 Causality optimizing

o Causal structural constraints (CSCs) : expert knowledge

 Definition of 3 types of directed CSCs: 𝑥 ∈ 𝐼𝐹, 𝑦 ∈ 𝑇𝐻𝐸𝑁

 Existence Constraint (EC), (𝑥, 𝑦)𝑒

Must be a direct connection from 𝑥 to 𝑦; 

 Forbidden Constraint (FC), (𝑥, 𝑦)𝑓

Must not be a direct connection from 𝑥 to 𝑦;

 Potential Directed Constraint (PDC), (𝑥, 𝑦)𝑝

If there exists a direct connection between 𝑥 and 𝑦,

it should be from 𝑥 to 𝑦;

Fi
g

. 1
. B

N
I-

R
R

 f
ra

m
e
w

o
rk

Present Works - BN model establishment
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 Model structuring

o Causal structural constraints (CSCs) : expert knowledge
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Fig. 2. CSCs identified for our BN risk model

 ECs: Blue, 

 FCs: red, 

 PDCs: green;

Present Works - BN model establishment
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o Conditional probability parameters: generated directly from our field data
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 Layer 1: cause diagnosis

o Part1: static factor network (SFN);

o Part2: motorist behavior factor network (MBFN);

 Layer 2: evaluating consequences

o Fatalities, Severe Injuries, Minor Injuries;

o Consequence severity;

Present Works - BN model establishment
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Present Works - Model performance validation
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 Receiver Operating Characteristic (ROC) curve and the Area Under the 

ROC Curve (AUC)
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o 1) If AUC = 1, a perfect prediction model. 

o 2) If 0.5 < AUC < 1, better than random guessing and has relatively sound 
predictive value;

o 3) If AUC = 0.5, the same as random guessing, for example, throwing coin, 
having no predictive value;

o 4) Otherwise, AUC < 0.5, worse than random guessing and valueless; 

• The ideal perfect ROC curve is a point (0, 1); 
• The closer the AUC to 1, the better the performance of a
prediction model.

Present Works Contributions & PerspectiveIntroduction



Model performance validation
Table 4. Comparison of entire prediction performance

The closer to 1, the better;
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Table 5. Comparison of prediction performance for accident/consequence occurrence

The closer to 1, the better;

*Note that: the sample size of single 
accident related to “severe injuries more 
than 2” and “minor injuries more than 3” is 
small in reality, which lead to the lower 
accuracy.

Present Works - Model performance validation
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Present Works – Result Analysis

Forward inference and reverse inference Fig. 5. Cause diagnosis when a train-MV accident occurs (reverse inference)
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Fig. 4. General prediction (forward inference ) 
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Influence strength analysis
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The impact level of parent nodes on 
corresponding child nodes;
 Consequence:
Fatalities: strongest influence;
 SAL2 accident occurrence:
Inappropriate motorist behavior: strongest 
influence;
o Static factors:
Region risk factor: strongest influence;
o inappropriate motorist behavior:
Zigzag violation: strongest influence;
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Present Works – Result Analysis
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Contributions & Perspective - Contributions

43
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 A thorough performance
validation process;

 An effective and comprehensive
modeling framework for risk
reasoning: BNI-RR;

 CSCs based on the concept of
CAK for empirical knowledge;

 Forward inference and reverse
inference analysis;

 Influence strength analysis;
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Valuable 
reference

Accident prediction 
&cause diagnosis

Identifying targeted practical 

design measures & improvement 

recommendations;
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Contributions & Perspective - Perspective

Considering more 
impacting factors

Investigating detailed 
underlying reasons

Dynamic BN models

Designing further 
practical solutions& 
investigating effects
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