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ABSTRACT

Aggressive driving is a major cause of car accidents. Previous studies have mainly analyzed young driver's aggressive driving
tendency, yet they were only done through pure clustering or classification technique of machine learning. However, since elderly people
have different driving habits due to their fragile physical conditions, it is necessary to develop a new method such as enhancing the
characteristics of driving data to properly analyze aggressive driving of elderly drivers. In this study, acceleration data collected from a
smartphone of a driving vehicle is analyzed by a newly proposed ECA(Enhanced Clustering method for Acceleration data) technique,
coupled with a conventional clustering technique (K-means Clustering, Expectation?maximization algorithm). ECA selects high-intensity
data among the data of the cluster group detected through K-means and EM in all of the subjects’ data and models the characteristic
data through the scaled value. Using this method, the aggressive driving data of all youth and elderly experiment participants were
collected, unlike the pure clustering method. We further found that the K-means clustering has higher detection efficiency than EM
method. Also, the results of K-means clustering demonstrate that a young driver has a driving strength 1.29 times higher than that of an
elderly driver. In conclusion, the proposed method of our research is able to detect aggressive driving maneuvers from data of the elderly
having low operating intensity. The proposed method is able to construct a customized safe driving system for the elderly driver. In the
future, it will be possible to detect abnormal driving conditions and to use the collected data for early warning to drivers.

Keywords : Safe Driving for Elderly, K-means Algorithm, Expectation Maximization Algorithm, Gaussian Mixture Model,
Smartphone Accelerometer
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Algorithm 1 ECA Algorithm

[TOP]:
CluNum « ClusteredNumber
ps + MeanValueO fClusters
z—z€eS
ECAphreshold < (1tsy + 118, + 1185 + [0S c1unwm )/ CluNum
i 0
while i < CluNum do
if fcriunum < ECAThreshold then
n<i
goto ArrayShift
else
ECACIuNum + ECACluNum + 1
end if
i+ 1
end while
goto GettingWeight AndModeling

[ArrayShift]:

j+<0

while j < CluNum do
Sn ¢ Snt1
jej+1

end while

return

[GettingWeight AndModeling]:

Xoum = L2 0 € 81

Toum; =) T € S;

j<0

while j < ECACluNum do
Wi = Zsum, [ Xsum
jej+1

end while

j«0

while j < ECACluNum do
P(a) & P(x) + Wyps,

jeg+1
end while
Fig. 2. ECA Algorithm
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Fig. 3. The Failed Results of Aggressive Driving Data Detection with Common Clustering Method - [A] GMM Clustering with ECA [B]
Expectation -Maximization with ECA [C] The Gap of Log LH(Likelihood) between Aggressive and Smooth Driving for Young/Elderly People
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[A]K-means Clustering [B]Expectation-maximization [C1K-means VS EM
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Fig. 4. The Success Results of Aggressive Driving Data Detection with ECA Clustering - [A] GMM Clustering with ECA [B] Expectation-
maximization with ECA [C] The Gap of Log LH(Likelihood) between Aggressive and Smooth Driving for Young/Elderly People
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Table 1. Performance Comparison Result between K-means
Clustering and EM Algorithm with ECA

Subject Number KE of Elderly KE of Youth
1 1.41 5.78
2 2.88 6.35
3 351 6.77
4 7.29 6.34
5 11.85 599
6 8.12 491
7 13.60 5.08
Mean Value 6.95 5.89

Table 2. Driving Strength Clustering Result with ECA and
Comparison between Elderly and Young Drivers

i Acceleration (m/sec’)
(Clrsrenn K-means EM
Number
Elderly Youth Elderly Youth
1 3.48 -6.02 2.96 -2.27
2 -3.74 45 -4 4.03
3 -4.87 -4.88 -2.99 -4.63
4 -2.86 -39 2.2 -4.35
5 2.63 3.33 - 291
Absolute
Mean Value 3.516 4.536 3.037 3.63
Wi ol Hahde] wlael glojA e, R welo]
wo o4 ZAEE nolth K-means &2]E W2lo] glo]
A& Table 2014 HolF= A3 o] e 37F =
ol Aol wlE] 1299, EM <aE Waddl dojAE
1199 =2 Z=E 7HA Ak
58 &
2Rl wel S AL £4 AL B
s e AT 7)ES E5E K-meansd) Fe2H
2 W3 EM QagFo s w29 dolHolA F449
A A dolHE ] WA xskdth ol EAEE
=EeE7] 9El], & Aol x= ECAE Aljtste] 7|&E Eel&
g e sjMsglen], K-means e W)
EM €59 Aol oz va P7kE sk &
Tol A AQrE ECAE 7HE%E dolHe 545 add w2
© 2 K-means F&2H WAl EMHJ'&;E‘:} AA A=

AT 6420071 wrk SATE £,
W AR =l AR Y 1,299 (K-means), 1.199)(EM)
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