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Abstract- Lots of vehicle safety systems have been introduced into market. Those systems have played a certain role to reduce 
traffic fatalities as well as traffic accidents. In the preventive safety area some driver’s psychosomatic adaptive driving support 
function has been introduced into market. In order to more reduce the number of traffic accidents those systems have to evolve 
by using new technologies. Consequently this research analyzed major root cause of traffic accidents by using Internet survey 
which collects real world experiences about traffic incidents. From the analysis of the survey, this researchfocused driver’s 
distraction which may cause severe traffic accidents. Accordingly thisresearch established a method to detect driver’s 
distraction by means of using pattern recognition which algorithm were AdaBoost and Loss-based Error-Correcting Output 
Coding (LD-ECOC). By means of using driver’s distraction detection function, this research estimated reduction rate of traffic 
accidents to promote more installation of driver’s psychosomatic adaptive driving support function. 
 
Index Terms- Driver’s distraction detection, Internet research, pattern recognition, traffic incidents 
 
I. INTRODUCTION 
 
Up to now many vehicle safety system has been 
introduced into market. Those systems have played a 
certain role to reduce traffic fatalities as well as 
number of traffic accidents. Traffic fatalities in Japan 
as of 2014 have declined lower to 4,200 for 
consecutive fourteen years by the comprehensive 
countermeasure [1]. However the number of traffic 
injuries still exceeds some 0.7 million as shown in 
Fig.1, reduction of the number of traffic accidents is 
still one of the highest ranked challenges for the 
sustainable mobility society. Recently preventive 
safety system such as electronic stability control 
system (ESC), lane departure warning, and, pre-crash 
safety system with functions that detects movements 
of eyes have been introduced into market [2] [3]. 
Evolution of driving support safety function may 
enhance safety performance of traffic accident’s 
prevention. Previous research has reported that around 
90% of the traffic accident is caused by human errors 
[4] [5] [6]. Therefore identifying root cause of traffic 
accidents may be needed to establish technologies 
which utilizes driver’s psychosomatic states adaptive 
safety function for reduction of traffic accidents. This 
research assumed that root cause of traffic incidents 
may be same as root cause of traffic accidents. 
Accordingly this research introduced Internet survey 
to collect traffic incidents of applicant’s experiences in 
the real world. From the analysis of this research 
driver’s distraction was identified as one of anormal 
states. This research reproduced driver’s cognitive 
distraction on a driving simulator by means of 
imposing cognitive loads such as arithmetic and 
conversation. To capture physiological feature as an 
alternative characteristics of psychosomatic state of a 
driver is indispensable. According to previous 
research, visual features such as gaze direction and 
head orientation, pupil diameter and heart rate RRI 

from ECG waveform were used as alternative 
characteristic to detect cognitive distraction. This 
research proposes a method of rapidly detecting 
cognitive distraction by using AdaBoost [7], which is 
widely used in pattern recognition area. Furthermore 
ECOC [8] in combination with AdaBoost as a binary 
classifier was introduced to obtain higher 
classification performance in accuracy of detecting 
driver’s cognitive distraction. Finally reduction effect 
of the number of traffic accidents was estimated by 
means of using amount of average accuracy of 
detecting distraction state. Consequently this research 
compared reduction rate of distraction detection 
function with reduction rate of ESC by means of using 
database of National Agency for Automotive Safety & 
Victims' Aid in Japan [9] and US-DOT [10] in order to 
validate the estimation method. This validation may 
indicate an opportunity to promote more installation of 
driver’s psychosomatic adaptive driving support 
function.  

 
Fig.1. Transition of traffic accidents in Japan as of 2014 

 
II. INTERNET SURVEY OF TRAFFIC 
INCIDENTS 
 
This Internet survey set four types of questionnaires 
(basic attribute, traffic incident case, driver’s behavior 
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and psychosomatic state). This research collected 
2,000 (1,117 male and 883 female) respondents who 
were applied to this research. The average age was 
41.1 years, the average driving experience was 19.9 
years and the average number of traffic incidents was 
2.34. Statistical sampling error of the Internet surrey 
was calculated by 2.2%. From the analytical result, 
this research identified major psychosomatic states 
immediately before traffic incidents were haste 
(26.6%), distraction (26.5%), and drowsiness (4.6%) 
as shown in Fig.2. This research focused distraction 
state which may cause severe traffic accidents. 
 

 
Fig.2. Psychosomatic states just before traffic incidents 

 
III. ACQUISITION OF PHYSIOLOGICAL 
INFORMATION 
 
A. Characteristics of State of Distraction 
When a driver is in a state of cognitive distraction by 
being imposed mental loads which were conversation 
and/or thinking, its influence may appear in eye 
movements by acceleration of the autonomic nerve. 
Accordingly it causes pupil dilation which reduces 
area of focal point of gaze direction. And also its 
influence may cause increase of heart rate (hereinafter; 
HR) [11] [12], which results in decrease of heart rate 
RRI (hereinafter;HR-RRI). Therefore capturing 
change of movements of eyes and head, and heart rate 
may be effective means as alternative characteristics 
to detect driver’s cognitive distraction when a driver is 
engaged in conversation and thinking [13] [14] [15] 
[16]. 
 
B. Reproduction of A State of Distraction 
Driver’s distraction was reproduced by means of using 
a mock-up driving simulator. This research asked 
voluntarily participants to operate in a course 
projected on the frontal screen. Driving course was a 
rural road without traffic signals, which may allow 
reproduction of cognitive distraction by being 
imposed by mental load. This research used two types 
of cognitive loads, one was arithmetic and the other 
was conversation. Arithmetic loads involved verbally 
subtracting prime number (for example 7 or 11 or 13) 
from 1,000 successively. The number of subjects was 
8 (5 males and 3 females) who ordinarily drove as part 
of their daily commute and consented to participate in 
this experiment. 

C. Acquisition of Physiological Signal 
In this research the author used tracking unit which has 
stereo camera within data processor (The faceLAB. 
Seeing Machines. Australia) as shown in Fig.3. The 
unit measures physiological signals from images by 
tracking movements of eyes and head, and, pupil 
diameter. The unit can store signals on real time basis. 
Gaze angle and head rotation angle (hereinafter; visual 
information) were both output as vertical rotation 
“pitch angle” and lateral rotation “yaw angle” as 
shown in Fig.4. 
 

 
Fig.3. Tracking unitFig.4. Pitch angle and Yaw angle 

 
Referring previous researches [14] [15] [16], this 
research calculated standard deviation following 
equation (1) and (2) by using data from preceding five 
seconds. 

22 )()()( ixixix yawpitch    (1) 
 

    i
ij xjxi 4

241 )()/()(    (2)                                
Here, x (i) denotes the combined gaze (head rotation) 
angle, xpitch (i) denotes pitch angle, and, xyaw (i) denotes 
yaw angle.  (i) denotes standard deviation 
(hereinafter: SD) of gaze (or head rotation) angle. 
Because data of eye movements includes noises in 
form of blinking and saccade, and etc., this research 
used 13-point median filter in order to remove them. 
 
D. Acquiring ECG Waveform 
Heart rate and heart rate RRI (HR-RRI) were 
calculated by measuring an interval of R waves (RRI) 
in an ECG waveform as shown in Fig.5. This research 
introduced monitor lead method which includes 
standard limb lead (II) and measurement with 3 chest 
electrodes. Data was acquired every 5 seconds, and 
data set was sampled at 60 Hz. 

 
Time(mS) 

Fig.5. Waveform of ECG (Units; mV) 
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IV. VALIDATION OF PHYSIOLOGICAL 
SIGNALS 
 
Candidate physiological signals were validated by 
confirming differences between ordinary driving and 
cognitive loads which were conversation and 
arithmetic. As described before frontal focal points of 
eye sight were scattered widely to peripheral area 
during ordinary driving, frontal focal points were 
concentrated within a narrower range when cognitive 
loads were imposed. Average value of SD of gaze 
angle decreased by 12.2% by cognitive loads 
compared with ordinary driving. This agreed with the 
trend of previous research [14] [15] [16]. However SD 
of head rotation angle in cognitive loads condition 
decreased by 62.8% compared with ordinary driving. 
From the results SD of gaze angle and head rotation 
angle were judged as available as features to classify 
cognitive distraction.  
When cognitive loads of arithmetic and/or 
conversation were imposed to the participants, pupil 
dilated by acceleration of the autonomic nerve. 
Average value of pupil diameter by cognitive loads 
increased by 14.1% compared with ordinary driving, 
which results agreed with previous research [13]. 
From the results SD of combined gaze angle and head 
rotation angle and pupil diameter were concluded as 
available for features to classify cognitive distraction.  
Average heart rate increased approximately by seven 
beats per minute when cognitive loads were imposed. 
The order of this result agreed with previous research 
[11] [12]. Average heart rate RRI imposed by 
cognitive loads decreased by 9.5% compared with 
ordinary driving. This change is believed to be a result 
of higher heart rate caused by cognitive loads. From 
the results, average value of heart rate RRI was 
concluded as available as a feature to classify 
cognitive distraction. From the validation, this 
research selected SD of gage angle and head rotation 
angle, pupil diameter and heart rate RRI (HR-RRI) as 
features to classify driver’s cognitive distraction. 
 
V. CLASSIFICATION OF COGNITIVE 
DISTRACTION 
 
E. AdaBoost 
This research adopted AdaBoost to classify a state of 
driver’s cognitive distraction, which may have 
advantages of high classification performance, rapid 
recognition process time and expandability of 
recognition features. Learning by AdaBoost makes 
different classifiers while continuously weighting of 
the learning data. After weighted majority decision is 
executed, multiple classifiers creates final function of 
classification. Those individual classifiers is called as 
weak classifier, while final classifier is called as strong 
classifier.By using SD of gaze angle and SD of head 
rotation angle, average value of pupil diameter, and, 
average value of HR-RRI as input data for AdaBoost, 
this research executed learning and evaluation of 

classification of driver’s cognitive distraction. 
Two-fold cross validation method was used for 
learning and evaluation of classification, which was 
generally used as a method for estimating 
classification accuracy of unknown data.Ordinary 
driving (Non-Cognitive) was defined as positive data 
(+1) and driving with a cognitive load was defined as 
negative data (-1). Each data was divided into two sets, 
with test set 2 used to evaluate performance when test 
set 1 was used for learning. In the same manner, test 
set 1 was used for evaluation when test set 2 was used 
for learning. In this study, Op is defined as positive 
output data, On is defined as the negative output data, 
and, Tp is defined as true data of positive, Tn is defined 
as true data of negative. Then Accuracy, Precision, 
Recall, and overall classification performance index F 
was introduced as the classification indexes which 
follow equation (3) – (6) to calculate those 
classification indexes.  
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F. LD-ECOC 
Many multi-class identification method has been 
developed. One of the methods adopted loss function 
which deals with more than three labels at the same 
time. Typical approach are neural network. Although 
solutions are easy to theoretically analyze, 
computational calculation is difficult to execute 
because of a large number of sample. Alternative 
method may combine multi-class identification 
method with binary classifier because of small load of 
calculation. One candidate is Error Correcting Output 
Coding (ECOC), which divides multi-class 
classification into some binary classification by 
encoding and decoding binary classification. 
According to previous research [8], this research 
introduced Loss-Based ECOC method (hereinafter; 
LD-ECOC) which is combination with AdaBoost as 
binary classifier. LD-ECOC may enhance 
identification performance of estimating driver’s 
cognitive distraction. LD-ECOC is a method by using 
loss value liand expanded code table W which is 
defined by previous research [8]. This research 
introduced ternary class labels. Ordinary driving was 
set 0, arithmetic; 1, and, conversation; -1. Accordingly 
G was set 3, then the number of binary classifiers 
should be 6 (p = 6). Expanded code table W is 
expressed following equation (7). 
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Loss value lifollows equation (8), wherehj (x) indicates 
Hamming distance. 
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By using exponential function, if product of expanded 
code table W and hypothesis h is positive, li becomes 
negative. Similarly, if product of expanded W and h is 
negative, li becomes positive. In the same way, if 
product of expanded W and h is 0, li becomes 0, which 
is not used to classify. If calculated loss value is small, 
it is possible to classify proper class. In the same way, 
Hamming distance, r is class label which minimizes 
loss value following equation (8) 
 
VI. CLASSIFICATION PERFORMANCE 
 
Table 1 shows classification performance by means of 
using AdaBoost. The top common result in average 
accuracy was 91.5 percent in arithmetic load, which 
classification features were combination of all three 
features of VI (Visual Information) plus PD (Pupil 
Diameter) plus HR-RRI. Second top common in 
average accuracy was 91.0 percent in conversation 
load of all three features. And the top common result 
in average F value was 93.4 percent in arithmetic load, 
which condition were combination of all three 
features. Second top common result in average F value 
was 92.3 percent in conversation load, which 
classification features were combination of all three 
features. From the results, combination of all three 
features by using AdaBoost with arithmetic loads 
showed the highest classification performance. 

 
Table 1: Classification Performance by AdaBoost (Units: %) 

 

Table 2: Classification Performance by LD-ECOC (Units: %) 

 
 

Table 2 shows classification performance by means of 
using LD-ECOC. The top common result in average 
accuracy was 96.8 percent in conversation load, which 
classification features were combination of all three 
features of VI plus PD plus HR-RRI. Second top 
common in average accuracy was 95.5 percent in 
arithmetic load. From the results of LD-ECOC, 
combination of all three features in conversation loads 
showed the highest classification performance. 
Accordingly conversation loads by using LD-ECOC 
showed stronger affection to driver distraction than 
arithmetic loads. From the results, it is said that 
AdaBoost and LD-ECOC are available method to 
detect driver’s cognitive distraction on the driving 
simulator basis.This research adopted amount of 
average value of ordinary driving, conversation and 
arithmetic as performance of distraction detection by 
LD-ECOC, which was 95.8%. 
 
VII. REDUCTION RATE OF TRAFFIC 
ACCIDENTS 
 
Reduction rate of the number of traffic accidents was 
estimated by means of using function of detecting 
driver’s distraction, which amount of average 
accuracy was 95.8 %. Reduction rate of the number of 
traffic accident by using preventive safety system 
(Advanced Safety Vehicle; ASV) was adopted as 
shown in Table 3 from previous research which 
amount of reduction rate was released on vehicle type 
basis by the MLIT in Japan [5]. Overall reduction rate 
of preventive safety systems was 38.7% in weighted 
average.  The amount of reduction rate derived from 
this research almost agreed in order with the amount 
released by the US-DOT, which is 35% in overall for 
the Intelligent Transportation Systems [10]. 
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Table 3:  Reduction Rate of the Number of Traffic accidents by 
ASV Systems (Units: %. As of 2014) 

 
 
Reduction rate of the number of the traffic accident by 
means of using function of driver’s distraction 
detection may be estimated in the following steps;  
 
A) Define Reas reduction rate of the number of traffic 

accident by means of using function of driver’s 
distraction detection, which was amount of 
average accuracy of driver’s cognitive distraction 
detection described former chapter. 

B) Rtis defined as reduction rate of the number of 
traffic accident by ASV system as shown in Table 
3 (38.7%). 

C) Dris defined as amount of the driver’s distraction 
state of traffic incidents experiences (26.5%).  

D) Ddis defined as amount of average detection 
accuracy of driver’s distraction state (95.8%). 

 
This research assumed that Rdmay be expressed 
following equation (9).   
 
 Re = Rt× Dr× Dd (9) 
 
When each number is set asRt= 0.387, Dr= 0.265 and 
Dd = 0.958, Recan be calculated to 0.098 for overall 
traffic accidents. 

Although there is some statistics for reduction rate 
of preventive safety devices, this research referred 
from ESC case which has been analyzed by several 
Institutes. Reduction rate of the number of traffic 
accidents by ESC was adopted as 0.036 from research 
of National Agency for Automotive Safety & Victims' 
Aid (NASVA) in Japan [9]. Then Iesc is referred from 
estimation results of ESC installation rate in market in 
Japan.  

When let overall reduction rate on the number of 
traffic accident by ESC is Resc, it may be expressed 
following equation (10).   
 
       Resc= 0.36 × Iesc (10) 
 
Referring to previous research as of 2014 (19), Iescwas 
estimated as 0.327, Resc is calculated to 0.118. 

Reduction rate of the number of traffic accidents 
by using function ofdriver’s cognitive distraction 
detection was estimated as 9.8%, whereas that of ESC 
was 11.8%. Because these amount of reduction rate 

are quite close, estimation method of reduction rate of 
the number of traffic accidents by using driver’s 
cognitive distraction monitoring function may be most 
probable. 
 
CONCLUSION 
 
By conducting Internet survey this research identified 
root cause of the traffic incidents. This research 
reproduced driver’s cognitive distraction on the 
driving simulator to acquire related physiological 
information as pattern recognition features. Average 
accuracy of classification of driver’s distraction state 
was calculated by means of using pattern recognition 
method which algorithm were AdaBoost and 
LD-ECOC. This research established the method of 
estimating reduction rate of the traffic accident by 
means of using driver’s distraction detection function. 
The conclusion are as follows;    
 
A) Internet survey of collecting experiences of 
traffic incidents in the real world may be effective 
means to identify root cause of traffic accidents. 
 
B)Driver’s distraction is one of major psychosomatic 
states which is likely to be involved in severe traffic 
accidents. 
 
C)Pattern recognition such as AdaBoost and 
LD-ECOC are effective means to evaluate an accuracy 
of distraction detection. Furthermore SD of visual 
information, pupil diameter and heart rate RRI is 
suitable as features for classification of driver’s 
cognitive distraction. 
 
D) Reduction rate by using function of driver’s 
distraction detection is quite close to that of ESC, 
consequently promotion of installation of distraction 
detection safety function may be expected.  
 
Future issue includes further enhancement of 
classification performance of pattern recognition and 
realization of psychosomatic states adaptive driving 
support safety function into production vehicle. 
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