
D. Harris (Ed.): Engin. Psychol. and Cog. Ergonomics, HCII 2009, LNAI 5639, pp. 414–423, 2009. 
© Springer-Verlag Berlin Heidelberg 2009 

The Assessment of Driver's Arousal States 
from the Classification of Eye-Blink Patterns 

Yoshihiro Noguchi1, Keiji Shimada1, Mieko Ohsuga2, 
Yoshiyuki Kamakura2, and Yumiko Inoue2 

1 Information Technology Lab., AsahiKASEI Corp., 
AXT Main-tower 22F, 3050 Okaga, Atsugi-shi, Kanagawa 243-0021, Japan 

{noguchi.yg,shimada.kb}@om.asahi-kasei.co.jp 
2 Biomedical Engneering, Osaka Institute of Technology, 

5-16-1 Omiya, Asahi-ku, Osaka 535-8585, Japan 
{ohsuga@bme,kamakura@is,yumiko@is}.oit.ac.jp 

Abstract. To realize the real-time assessment of driver’s arousal states, we 
propose the assessment method based on the analysis of eye-blink 
characteristics form image sequences.  The driver’s arousal level while driving 
is not monotonous falling from high to low. We proposed the two-dimensional 
arousal states transition model which was taken into account the fact that a 
driver usually held out against sleepiness. The eye-blink pattern categories were 
classified from image sequence using HMM (Hidden Markov Model), then the 
driver’s arousal states were finally assessed using HMM by histogram 
distribution of those typical eye-blink categories. The arousal assessment results 
are also verified against the rating results by trained raters. 
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1   Introduction 

Driving with drowsiness is one of the main reasons causing traffic accidents. 
Recently, the assessment of driver's arousal level has been expected as an element of 
technology for establishing a safety transportation system. Drivers tend to be unaware 
by themselves falling into a state of being drowsy, or may be compelled to overcome 
the drowsiness and continue driving despite being drowsy. In this paper, we propose a 
method to assess driver’s arousal states which is regarded as one of the most 
important issues for the development of adaptive driving support systems. Arousal is 
important in regulating consciousness, attention, and information processing. It can be 
observed by complex variations of physiological measurements, such as brain and 
heart activities, and facial expressions. We focus on the changes in eye-blink 
activities, particularly the eye-blink patterns, as an important element for the 
assessment of arousal states. Our system provides a non-intrusive and driver-
independent approach with the aim to identify the struggling state, or the state in 
which the drivers suffer from low arousal levels and trying to spend a large effort to 
overcome drowsiness. We rely on advanced image processing and pattern 
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classification methods based on Hidden Markov Model (HMM) to classify eye-blink 
categories from the driver’s facial video. The arousal states are then estimated from 
the distributions of the classified eye-blink categories. 

Despite a long history of research in this field [1], [2], [3], the method to efficiently 
assess the arousal states has not been realized in a real world. For one thing for the 
study of the assessment of driver's arousal level, there is sleepiness detection using 
blinks of driver. Heretofore, an eyelid closure time and a blinking period, which are 
relatively easy to be measured, have been focused attention on as the blinking 
characteristic for the assessment of driver's arousal level. However, the driver's 
arousal level while driving is not monotonous falling from high arousal level to low. 
The driver usually holds out against sleepiness while driving, so that we consider the 
same eyelid closure time and blinking period is occurred sometimes even though the 
driver's arousal level is different. Therefore it is difficult to assess the driver's arousal 
level only using these characteristics, and it has not been in practical use yet. 

In this paper, we propose a new method for the assessment of driver's arousal states 
from eye-blink image sequences using the histogram distribution of the typical eye-
blink waveform categories according to changing of the arousal state. According to 
changing of the arousal state, the histogram distribution of the eye-blink waveform 
category is changed. Therefore we classified the blink pattern categories from eye-
blink image sequence using HMM (Hidden Markov Model), then the driver’s arousal 
states were finally assessed using HMM by histogram distribution of those typical 
blink categories.  The arousal assessment results are also verified against the rating 
results of driver’s facial expression by trained raters. 

2   Driver's Arousal States 

2.1   Two-Dimensional Arousal States Model 

In a traditional method for drowsiness assessment, the drowsiness states can be expressed 
subjectively. They are rated into one of the following states [4]: not drowsy, becoming 
drowsy, very drowsy, and extremely drowsy. Each drowsiness state corresponds to a 
qualitative drowsiness level ranging from 1 to 4.  By contrast, another model based on 
Karolinska Sleepiness Scale (KSS) [5] defines the sleepiness levels from 1 to 9. 

These measurements consider only one dimension of drowsiness characteristics, 
namely the drowsiness level. However, the drivers usually hold out against sleepiness 
while driving, the drivers tend to experience more complicated arousal states. Before 
the drivers enter the extremely drowsy state and thrive on sleep, they may have to 
spend large efforts striving to keep themselves awake. We refer to this state as a 
struggling state. This state involves complex variations of physiological 
measurements due to the driver’s efforts to overcome drowsiness. Therefore, it is 
necessary to include this countermeasure effort of the driver as an additional factor to 
the model. Based on this idea, we propose a two-dimensional arousal states model 
shown in Fig. 1. On horizontal dimension, it is corresponded to the arousal level from 
high arousal on the left to low arousal on the right. On the vertical dimension, the 
effort against drowsiness is represented and ranged from low effort on the top to high  
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Fig. 1. Two-dimensional arousal states model 

effort on the bottom. The struggling state lies on the bottom right corner of the model, 
where the arousal level is low, but the countermeasure effort is high. 

2.2   Data Preparation 

Driving Data Collection. We collected the data from recruited fifty-nine able-bodied 
paid volunteers (both genders aged between 20 and 60) to participate in the 
experiments. All subjects were licensed drivers, but their driving experience varied 
significantly. The objective of the experiments was to intentionally induce the 
drowsiness of the drivers. However, extra cares were taken to ensure that all subjects 
were not aware of this object. We used a video game system, projected on a big 
screen, and a controller equipped with a steering wheel, an accelerator and a brake 
pedal. A simulated driving environment with a monotonous driving course was 
specially created for this experiment. 

The video camera was mounted on the dashboard for recording driver’s face and 
his eye-blink activities. A vertical electro-oculogram (v-EOG) recording was also 
carried out. The sampling rate of the v-EOG was 200 Hz, 5,000 times gain, with low-
pass filter at the 35Hz. A video sequence with 640x480 pixels and 30fps of driver's 
eye-blink was also shot simultaneously. 

Each subject was instructed to perform a fifty-minute driving task in which they 
could opt to abort at any time.  Before the experiment started, a brief training session 
was given so that the driver became familiar with the simulated driving system. 

Arousal States Rating. We propose a scale for arousal state assessment in accordance 
with the two-dimensional arousal states model which we proposed in Fig. 1. The degree of 
arousal (from the first dimension) is represented by a number from 1 to 4, smaller numbers 
meaning higher arousal levels. We divide the states 2 and 3 into the α and β states, 
according to the levels of the efforts used to overcome drowsiness. The states 2α and 3α 
indicate low countermeasure efforts against drowsiness, whereas the states 2β and 3β 
represent high efforts to fight against drowsiness. Finally, the state W indicates the state 
where a driver suddenly wakes up from a very drowsy condition. The W means a special 
situation when the driver’s arousal state was rapidly changed. As a result, this scale is 
composed of 7 (1, 2α, 2β, 3α, 3β, 4, W) arousal states. 
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Fig. 1. Experimental setting 
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The characteristics of each arousal state based on facial expressions are 
summarized in Table 1. To define a ground-truth data of arousal states, we need to 
determine the arousal state of the driver at any given time period.  In our experiments, 
the evaluation of driver’s arousal states by three trained raters was carried out. 

The video sequence of the fifty-minute driving task was divided into small segment 
twenty-second video sequence. Then, trained three raters rated the arousal states from 
facial expression of driver on individual random sequenced small segment video 
sequence on each.  The levels of efforts (β) were rated using examples from behaviors 
such as moving mouth, robbing face, head movement, conscious eye-blinking, and 
conscious deep breathing. 

Two samples of the arousal states rating results from a fifty-minute driving session 
is shown in Fig. 4. The arousal states according to our proposed two-dimensional 
model can be depicted in this result. The vertical axis corresponds to the arousal 
levels, from 1 (for high arousal) to 4 (low arousal), whereas the gray shade for low 
effort (α) and black shade for high effort or struggling states (β). 
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3   Arousal States Assessment Using Eye-Blink Categories 

3.1   v-EOG Based Eye-Blink Categories Clustering 

Given the v-EOG waveform a fifty-minute driving session, we extracted only the 
parts where eye-blinks occurred. Three parameters were derived from each v-EOG 
eye-blink waveform (see Fig. 3). These parameters consist of the eye closing time 
(Tc), the eye opening time (To), and the eye-blink aperture (PA).   

The classification of eye-blink patterns was performed by K-means clustering with 
the number of clusters (K) set to eight clusters.  The analysis done by an expert was 
then carried out in order to decide which clusters represented a standard eye-blink 
category A in high arousal state 1. The average parameters PA, Tc and To of the eye-
blink category A were subsequently computed. The rest of the blinks were 
individually assigned the blink categories based on their parameters and the 
constraints shown in Table 2. We compared each parameter of the standard eye-blink 
category A.  The parameter was regarded as ‘standard’ when it fell within the ranges 
±5% of category A for PA and ±10% of category A for Tc and To, whereas ‘high’ and 
‘low’ indicated the levels above and below these ranges, respectively.   

 

PA

Tc To

 

Fig. 2. Parameters of v-EOG waveform 

Table 2. Characteristics of eye-blink categories 

Eye-blink categories 

A 
 

Standard 

B 
 Large PA 

and/or long (Tc and/or To) 

C 
 

Small PA 

D 
 Standard or small PA 

and long (Tc and/or To) 

E 
 Small PA 

and short (Tc and To) 

3.2   Arousal States Assessment 

Samples of eye-blink categories classification results based on v-EOG signals from 
two drivers were shown in Fig. 4. Fig. 4 shows the distribution of blink categories 
over a 50-minute driving session, along with a corresponding arousal states rating  
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Fig. 4. The correspondence between eye-blink categories distribution and arousal states rating 

results. It can be seen that an increase in eye-blink category D associates with low 
arousal levels. However, the frequent occurrences of eye-blink category B tend to be 
responsible for a rise in the countermeasure efforts to fight against drowsiness (the 
struggling states). 

The histogram distribution of the eye-blink categories based on v-EOG according 
to changing the arousal states is perceived, therefore we consider a capability of the 
assessment of driver's arousal states using this histogram variation. 

4   Arousal States Assessment from Eye-Blink Image Sequences 

The system requires only an input from the video camera attached on the dashboard.   
It analyzes eye-blink patterns from the acquired video streams.  The arousal states of 
the driver are derived from the histogram distributions of the eye-blink patterns.  The 
system is consisted of two sub-stages, the eye-blink categories classification stage and 
the arousal states assessment stage. 

4.1   Eye-Blink Categories Classification 

Feature Extraction. Given a video sequence of the drivers captured at 30 frames per 
second, the first process is to detect the eyes from each image.  The eye-blink images 
are transformed into sequential feature vectors for eye-blink categories classification. 
We measure the eye-blink aperture ratio between the height (H) and width (W) of the 
eye as shown in Fig. 5(b), which is invariant to the distance of the driver’s face and 
the camera. 

We apply a method for eye-blink aperture measurement based on Active Shape 
Model (ASM) [8]. The ASM method uses the statistical model of the eye (in this case, 
a set of 20 points corresponding to the outline of upper and lower eyelids) constructed 
from 340 eye images of 17 drivers.  By varying the model parameters based on these 
constraints, we can possibly generate any eyelid shape of the eye-blink. Considering  
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Fig. 4. Eye-blink aperture normalization 

an unseen eye image, we rely on an iterative optimization process to find the model 
parameters that best fit the eye as shown in Fig. 5. 

Fig. 5(c) shows the example of eye aperture measurement result of eye-blink. The 
curve is very similar to v-EOG despite a difference in measurement sampling rates 
(200 Hz for v-EOG and 30 fps for video).  Then, we perform duration normalization 
by subtracting the aperture measurement with the average aperture measurement of 
blink category A. Fig. 6 shows the mean shapes of each blink category of subjectⅠ
and Ⅱ on the left, together with the corresponding results after duration normalization 
along the right side.  Despite the differences in the blink durations of two subjects, it 
is shown that the resulting shapes for each category share similar characteristics. 

Categories Classification. The eye-blink categories classification process relies on 
Hidden Markov Model (HMM), a statistical classifier capable of describing complex 
dynamic behaviors. In this case, we construct five HMM, one for each category, A to 
E. Each HMM represents a driver-independent model for each eye-blink category. 
Given the normalized feature vectors extracted from a sequence of eye-blink images 
as the input of the HMM, the classification process is done by choosing the HMM  
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Fig. 5. A topology of HMM 

that gives the highest likelihood probability.  The blink category represented by that 
HMM is regarded as a recognition result. 

The HMM has a left-to-right topology as shown in Fig. 7. Each state has a 
transition to itself and the next state. The HMM parameters of state i are composed of 
state transition probabilities from state i to j (aij ) and the output probability density 
function (pdf), or bi.  In this case, bi is defined by a mixture of Gaussian pdfs. The 
optimal parameters of the HMM need to be computed before they can be used as a 
classifier. We first train the models by using the maximum likelihood (ML) training 
method. Training samples and their category labels are derived from the v-EOG eye-
blink categories classification as ground truth data. 

4.2   Arousal States Assessment 

The histogram distribution of eye-blink categories over a driving session has a close 
relationship to drivers’ arousal states, including a sign of drivers entering the 
struggling state. We build another HMM classifier for the assessment of arousal 
states.  The ratio of each blink category is obtained by dividing the histogram by the 
total blink numbers occurred in that period. We construct a feature vector from this 
blink ratio (five dimensional feature vector, one for each blink category) plus another 
dimension indicating the total blink numbers in M seconds. We extract feature vectors 
continuously every N seconds, from which a temporal change in eye-blink ratios can 
be observed.  Thus, each feature vector is overlapped by M−N seconds. 

We generate six HMM in accordance with the proposed two-dimensional arousal 
model. The data used for HMM training are obtained from the v-EOG eye-blink 
category histogram distribution as ground truth and its corresponding arousal state 
rating data. 

Since we focused on a driver-independent system, all experiments were carried out 
based on a leave-one-out cross validation method.  The experimental results of four 
subjects are shown in Fig. 8.  The top graph of each subject is the arousal states rating 
from facial expression over a driving session as ground truth.  The middle six graphs 
from A to E is the histogram distribution of eye-blink categories from eye image 
sequence.  And the bottom graph is the assessed arousal states from the histogram 
distribution of eye-blink categories using eye image sequence.  The average 
correlation coefficient between the ground truth and the assessed arousal states of four 
subjects is 0.82. 
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Fig. 8. Comparison between the ground truth (top) and the arousal states assessment (bottom) 

5   Conclusions 

We investigated the assessment of driver’s arousal states from eye-blink image 
sequence of driver as non-contact measurement.  We proposed the two-dimensional 
arousal state transition model.  The blink pattern categories were classified from eye-
blink image sequence using HMM, then the driver’s arousal states were finally 
assessed using HMM by histogram distribution of those eye-blink categories.  We 
consider a capability of the assessment of driver's arousal states from the variation of 
blink categories histogram. 
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