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GBDT Based Railway Accident Type Prediction and Cause Analysis
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Abstract The application of data mining technology in railway accident type prediction and cause analysis is of
great significance to establish railway accident early warning mechanism. This paper proposes a gradient boosting
decision tree (GBDT) based algorithm for railway accident type prediction and cause analysis. In order to solve the
problem of data missing in railway accident record dataset, we propose a new data complement algorithm based on
the attribute distribution probability, which can keep the distribution of original data as much as possible, thus re-
ducing the impact of data missing on predicting railway accident type. To reduce the impact of unbalanced categor-
ies of data in railway accident dataset, an ensemble GBDT model is proposed to predict the types of accidents ef-
fectively and robustly. On these bases, according to the importance of features in GBDT prediction model, we com-
plete the cause analysis of railway accidents. Experimental results on an open database show that our proposed
method can predict the types and causes of railway accidents effectively.
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Fig.1  The framework of GBDT-based railroad accident type prediction and cause analysis
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Table 2 Description of accident types

Type Description
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Table 3  Examples of the dataset

Name Description Number Type
RAILROAD Railroad code 5434  Object
CARS Num. of cars carrying hazmat 5434  Int64
TYPSPD Train speed type 5086 Object
TRNDIR Train direction 5161 Float64
TONS Gross tonnage, excluding power units 5434  Int64
TYPEQ Type of consist 5081 Object
EQATT Equipment attended 5074  Object
CDTRHR  Num. of hours conductors on duty 3 628  Int64
ENGHR Num. of hours engineers on duty 4201 Int64
TRKNAME Track identification 5434  Object
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Table 4  Description of preprocessed data
Record Accident type Attribute dimension
Number 5434 11 119
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Table 5  Distribution of the attribute TRNDIR values
before and after three completion methods
Algorithm a; =1 a; =2 a; =3 a; =4
Before completion 0.22 0.20 0.31 0.27
Interpolation 0.21 0.19 0.30 0.30
Mode 0.21 0.19 0.34 0.26
Our algorithm 0.22 0.20 0.31 0.27
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Accuracy 0.841 0.846 0.845 0.852 0.848
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Table 7 Performance comparison of classifiers
Classifier Accuracy Precision Recall F1
DT 0.728 0.73 0.73 0.73
RF 0.773 0.74 0.77 0.75
ET 0.734 0.70 0.73 0.71
GBDT 0.841 0.84 0.84 0.84
Ensemble GBDT 0.852 0.85 0.85 0.85
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Table 8 Features of top 15 in importance

No. Name Description

1 Latitude Latitude in decimal degrees

2 Longitude Longitude in decimal degrees

3 CNTYCD FIPS county code

4 HIGHSPD Maximum speed

5 TRKNAME Track identification

6 RRCARI1 Car initials (fist involved)

7 TEMP Temperature in degrees fahrenheit
8 MILEPOST Milepost

9 STATION Nearest city and town

10 TRNSPD Speed of train in miles per hour
11 RRCAR2 Car initials (causing)

12 SUBDIV Railroad subdivision

13 ENGHR Num. of hours engineers on duty
14 CDTRHR Num. of hours conductors on duty
15 TONS Gross tonnage

H B

g
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Fig.6  Proportion of different factors in causes of two
types of railroad accidents
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