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Abstract

The accident that occur on the road as a problem to severe and increase in every years. Of the studies
about road accident have found that mostly are caused by humans. So that to help the drivers aware
the road accident risk, which in this paper are proposed the road accident risk prediction model. Bagging
Technique is approach to classify the data for data mining and can be increasing performance of our
prediction which have a few researchers are employed the bagging technique. Therefore, in this paper is
proposed the Bagging Technique to build the model for road accident risk prediction. Data are collected
from 2552 to 2556 at Sakonnakhon Province Locality Police Station. Experimental results showed that

bagging technique is superior to naive bayes model and support vector machine model. Moreover, also
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found that bagging technique can increase the accuracy of support vector machine model from 0.86

percent.

Keyword: Road Accident Risk Prediction Model, Bagging Techniques, Data Mining
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Input: training set S, number of bagging T

Bagging (T, S)

fori=1toT {
S} = sample from class 1 in § (with replacement)
5% = sample from class 2 in 5 (with replacement)
§'=8+5;
train a decision tree C; from 5’

}

Qutput: T classifiers

Figure 1 The bagging algorithm. T is 50 in our
experiments. In each bag, the class
distribution is the same as in the
original data S.
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1. ununatayanaieguamnaus
NoInuu Lﬁaﬁ)”@ﬁwgﬁwﬁagaizmnLﬁau
WOAanew O w.e. 2552  daidewsuwiney I
W.F. 2555 NFOIHA1TIVIRIARNAUAT s'fing
lustuvuienas lddagadiwau 700 183
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2. ﬁwmiLLﬂJaﬁagmﬁaiﬁﬁwgﬂﬂmﬂm
Weka ﬁ‘hmu“ﬁagaﬁvlﬁﬂzmm 699 118 §N1IN
wisaanlaidu 3 Classes fia LFBTIa UIALdy
Enios WRzUNALSURIYE T9n1TLF8T5a ]
AAIIRIBLYINNY 52.23% UalduLanias
AAINFEIBLYINY 3.72% UAZUIALIURIATE
8aIFIULYINAY 38.05% dadruinglizay
qﬁﬁm@;uuﬁ’aanuuﬂz\mwmmmaw‘lﬁﬁa
Table 1

Table 1 Row data

Number Total Ratio
Death  Minor Seriously Death Minor Seriously
Injuries  Injuries Injuries Injuries
407 26 266 699 52.23%  3.72% 38.05%

Iumuﬁ'cﬁ'mﬂuﬁiagaﬂs:ﬂauéﬁﬂ@T’;LLﬂsﬁwm
13 @715 @9 Table 2

Table 2 Variable

Attributes Description Values

Gender Gender 1 = Male

2 = Female

Age Age Actual age.

Time Accident time. 1 =00.01-04.00
2 = 04.01-08.00
3 =08.01-12.00
4 =12.01-16.00
5= 16.01-20.00

6 = 20.01-24.00

Vehicle_V Vehicle accident 1 = Pedestrian

of victims. 2 = Bicycle/Tricycle/Motor-tricycle
3 = Motorcycle

4 = Saloon

5 = Pick-Up

6 = Bus/van

7 = Truck/Trailer

Attributes

Description

Values

Vehicle_P

Vehicles
accident of the

parties.

1 = Pedestrian

2 = Bicycle/Tricycle/Motor-tricycle
3 = Motorcycle

4 = Saloon

5 = Pick-Up

6 = Bus/van

7 = Truck/Trailer

8 = Other

Scene

Scene of the

accident.

1 = Highway
2 = Local road
3 = Municipal road

4 = Household area road

Feature

Feature of the

road.

1 = Straight
2 = Intersection

3 = Curve

Weather

Weather

1 = Fine
2 = Rainy
3 = Other

Light

Light

1 = Daylight

2 = Night

3 = With illuminating

4 = Without illuminating
5 = Other

Causes

The cause of the

accidents.

1 = Driving over speed limit

2 = Driving in carelessness

3 = Following in close distance
4 = Chopping in close distance
5 = Drink and drive

6 = lllegal overtaking

7 = Driving in the wrong lane

8 = Other

Road_Surface

Road surface.

1 =Dry
2 = Wet
3 = Damaged

Area

Accident area.

1 = Mueang Sakon Nakhon
2 = Kusuman

3 = Kut Bak

4 = Phanna Nikhom

5 = Wa Rit Cha Phum
6 = Song Dao

7 = Sawang Daen Din
8 = Wanon Niwat

9 = Akat Amnuai

10 = Ban Muang

11 = Phang Khon

12 = Kham Ta Kla

13 = Nikhom Nam Un
14 = Tao Ngoi

15 = Khok Si Suphan
16 = Phon Na Kaeo
17 = Phon Na Kaeo
18 = Phu Phan

Severity_Ac

Severity of

the accident.

Death
Minor_lInjuries

Seriously_Injuries
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Table 3 Accuracy of road accident risk

prediction models.
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Table 4 AUC of road accident risk prediction

models.
LULINADY AUC (%)
B 71.00
SVM 66.40
NB 71.30
B+SVM 71.40
B+NB 71.60
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