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Abstract - In this paper a novel driver fatigue detection 
algorithm, based on adaptive boosting, is presented and 
compared with an improved version of the work of 
Eriksson and Pananikolopous [1]. Both algorithms focus 
on one visual cue, the status of the eyes (open or closed), 
to assess fatigue and use three steps: face detection, eye 
region localization, and closed eye detection. The 
proposed scheme uses the Viola-Jones face detector [4] 
for face extraction and a new approach for fatigue 
assessment, also based on adaptive boosting. Results on 
our database show that it performs slightly better than 
the modified Eriksson and Pananikolopous algorithm.  
 
 1. Introduction 
 
Fatigue and drowsiness are among the most frequent 
causes of road accidents. In the field of computer vision a 
number of researchers attempted to address this problem. 
Among the many solutions found in literature, the work 
of Eriksson and Pananikolopous [1] (to be discussed 
later), and of Harini Veeraraghavan and 
Papanikolopoulos [2], following the same sequence of 
step as in [1], but with different implementation methods, 
can be mentioned. More solutions can be found in [8], [9] 
and [10]. As observed in [4], several visual behaviors can 
be used to characterize a person’s level of alertness while 
driving. These visual cues include eyelid movement, 
pupil movement, and face orientation. These fatigue 
parameters computed from these visual cues are 
subsequently combined probabilistically to form a 
composite fatigue index that can robustly, accurately, and 
consistently characterize a driver’s vigilance level. This 
study however focuses on one specific visual behavior 
namely the status of the eyes, and considers only the case 
where fatigue is assessed by determining if the eyes are 
closed for a long period of time. This work only focuses 
on the detection process, which should ultimately be 
followed by a tracking process. in a real time application. 
In this paper a novel driver fatigue detection algorithm, 
based on adaptive boosting, is presented and compared 
with an improved version of the work of Eriksson and 
Pananikolopous [1]. Eriksson and Pananikolopous 
described a driver fatigue detection algorithm where face 
detection is implemented using a symmetry-based 
approach, taking advantage of the symmetric property of 
faces. To find the eyes, the search region is first reduced, 
by localizing the region in the face where the eyes are 
located. The region of interest is then scanned with a 

simple two-circle template to find the exact location of 
the iris. Fatigue assessment is then performed using an 
intensity histogram, where a flat histogram corresponds to 
a closed eye and a histogram with a peaks on each side of 
a valley, corresponds to an open eye. In our study some 
modifications to this approach were made for improved 
performance: Although requiring convolution and 
therefore increasing computational cost, this modification 
showed a significant improvement in performance on our 
database. Eye and fatigue detection are addressed 
simultaneously using cross-correlation template matching 
as described in [3]. The proposed method uses the 
adaptive boosting learning algorithm (AdaBoost). The 
Viola-Jones face detector [5], based on AdaBoost, is used 
for face detection. The implemented fatigue assessment 
method also uses AdaBoost: Each 10×10 sub-window in 
the localized eye region is scanned and classified using 
the AdaBoost trained classifier, i.e. given a value of 1 
when an eye like pattern is found, and a value of 0 when a 
non-eye pattern is found. A vertical projection of these 
values is built and represents the fatigue level of the 
subject. A neural network is then used to distinguish 
between a vertical projection corresponding to an eye 
region with open eyes and one corresponding to an eye 
region with closed eyes. It must be noted that the 
proposed algorithm uses the same reduced eye region 
localization scheme used for the modified version of 
Eriksson and Pananikolopous algorithm.       
 
2. Algorithm description 
 
Algorithm 1 in Section 2.1 refers to the modified 
Eriksson and Pananikolopous algorithm. Algorithm 2 in 
Section 2.2 is the proposed method based on adaptive 
boosting.  Both algorithms follow the same sequence of 
steps:  
 
Ø Face extraction. 
Ø Eye region localization. 
Ø Fatigue detection. 
 

The last step in both cases incorporates both eye detection 
and fatigue assessment by evaluating a number of 
successive images.  
 
2.1. Algorithm 1: An image-based passive method  
 
2.1.1. Face detection: Symmetry-based approach 



 
This approach uses the fact that a face has the property of 
being symmetric with respect to its center. We evaluate 
the symmetry-value of each pixel-column of the image 
The smallest symmetry value is expected to be at the 
center of the face and therefore the column in the image 
where the symmetry-value is minimum (refer to Figure 1) 
corresponds to the column where the center of the face is 
situated as shown in Figure 2 for four different 
backgrounds. The search region for finding the face is 
now limited to the area around this column. Let I  a gray-
scale X × Y image. The symmetry-value of each pixel-
column is calculated as 
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where )( xS  is computed for ],[ kXkx −∈ , k  is the 
maximum distance from the pixel-column where 
symmetry is measured and ),( yxI is the image where the 
face must be extracted. The column-pixel x where the 
symmetry value )(xS is a minimum is the column where 
the center of the face is situated, i.e. 

)2.()(minarg EqxSx facecenter=  

 

 
Figure 1: The symmetry histogram 

 

 
Figure 2: Face center detection 

 
To extract the face (refer to Figure 3) from the input 
image of dimensions 640480× , the detected location of 
the center of the face (refer Figure 2), and the dimensions 
of the face are used. The latter has been obtained by 
experimentation. This approach is only possible because 
the distance between the camera and the subject is 
relatively constant. Furthermore the face dimensions of 
different people don’t have significant differences. From 
experiments on the database the following criteria are 
used for face extraction: 
Ø 50 columns left and right from the center of the 

face are considered as face region establishing 
the width of the face image to 101 pixels.  

Ø The number of row is also reduced to 120 pixels 
by removing 120 rows from the top of the 
original image, and 240 rows from the bottom. 

Ø The size of the extracted face images as shown 
in Figure 3 is 101120× . 

 

 
Figure 3: Face extraction 

 
2.1.2. Eye region localization: Edge detection algorithm 
 
The two steps used to localize the eye region are Sobel 
edge detection (refer to Eq. 3) resulting in a new image 
given by 
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where I is the image and a projection of the new image 
onto its vertical axis, given by 
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where X  is the width of the image ),( yxF . The rows 
below and above the row of interest are also used in the 
projection to give more weight to the eye rows where 
more edges are present in more than one row as compared 
to the nose and the mouth regions (see Figure 4). The 
projection’s highest peak corresponds to the row where 
the eyes are situated. A small region around this row 



results in the region where the eyes are localized, as 
shown in Figure 5.   
 

 
Figure 4: Edge detection 

 
Figure 5: Eye region 

 
 

2.1.3. Eyes and fatigue detection: Cross-correlation 
template matching 
 
Template matching is used to find an instance in an image 
using a template of that instance. Cross-correlation is 
used to find a measure of match M between a template of 
the object of interest, which is the eye in our application, 
and the target image sub-window (eye region). The 
higher the value of M the better the match is. The 
measure is calculated as   
 

)5.(

],[],[

],[],[

),(

1 1

2

1 1

2

1 1 Eq

lkglckrf

lckrflkg

crM
m

k

n

l

m

k

n

l

m

k

n

l

∑ ∑∑ ∑

∑ ∑

= == =

= =

++

++

=

  
 
where g is the m by n template of an eye and f the image 
where an instance should match the template. Both open 
eye templates and closed eye templates (see Figure 6) 
were used on the target eye region: The center of the face 
found in the face detection stage allows the separation of 
the eye region in two, and the cross-correlation template 
matching is performed using a left eye template (open 
and closed: LOE and LCE respectively) for a left eye and 
a right eye template (open and closed: ROE and RCE  
respectively) for a right eye. Figure 7 shows the results of 
the four possible scenarios: ROLO EandE in open eye 
regions, RCLC EandE  in open eye regions, 

ROLO EandE  in closed eye regions, and 

RCLC EandE in closed eye regions. A maximal match 
indicates an eye. Figure 7 also shows a good match when 
open eye templates are used on closed eye regions and 
vice versa.  To determine whether the regions have closed 

or open eyes, the maximum match must be above a 
certain threshold. By experimentation, ROLO EandE  in 
open eye regions or RCLC EandE in closed eye regions 
yield a matching score M , greater than the match score 

'M  obtained with ROLO EandE  in closed eye regions 
or RCLC EandE  in open eye regions. The threshold is 
chosen to be the smallest value of 'M .  
 

 
Figure 6: Examples of eye templates 

 

 
Figure 7:  Template matching for eye detection and 

fatigue assessment 
 

2.2. Algorithm 2: A method based on adaptive boosting 
learning algorithm 
 
2.2.1. Summary of the proposed method 
 

1. Face detection using the Viola-Jones face 
detector [5]. 

2. Eye region localization using edge detection and 
a   projection of the new image onto its vertical 
axis: The peak of the projection indicates the 
row where the eyes are situated. 

3.  Eye detection using AdaBoost to discriminate 
between eye and non-eye patterns. Fatigue 
assessment using the projection of the strong 
classifier response to the sub-windows in the eye 
region, and a neural network to distinguish 
between the projection representing closed eyes 
and the one representing open eyes. 

 
Figure 8: Summary of the proposed method 

 



2.2.2. Face detection: Viola-Jones face detector 
 
A detailed description of the Viola-Jones face detector is 
given in [5]. It makes use of the AdaBoost algorithm to 
discriminate small face-like sub-window features from 
non-face like ones. The AdaBoost algorithm aims at 
learning a sequence of best weak classifiers )(xht and 
weights tα and combining them into a strong classifier 
given by 

 )6.(

0

2
1

)(1
)(

11
Eq

otherwise

xhif
xH

T

t
t

T

t
tt









≥

= ∑∑
==

αα
  

 

where ,
1

,
1

log
t

t
t

t
t ε

ε
β

β
α

−
== and x is the sub-window to 

be classified. The strong classifier determines whether a 
sub-window is a face or a non-face pattern, th is the 

tht weak classifiers selected by AdaBoost (see Figure 

10), tf represents the tht rectangle feature value in sub-
window x. Rectangle features are used rather than pixel 
values. According to Viola and Jones [5] feature-based 
systems (as opposed to pixel-based systems) can encode 
ad-hoc domain knowledge, which is difficult to learn with 
a limited quantity of pixel-based training data, and 
furthermore, feature-based systems operate much faster 
than pixel-based systems. The Viola-Jones system uses 
three types of rectangle features shown in Figure 9: Two-
rectangle features (calculated by summing the pixels in 
the white rectangle, minus the summation of the pixel in 
the black rectangle), three-rectangle features (calculated 
by summing the pixels in the two white outer rectangles, 
minus the summation of the pixels in the middle one) and 
four-rectangle features (obtained by summing the pixels 
in two white rectangles in the diagonal, minus the 
summation of the pixels in the two other diagonal 
rectangles (black)). These rectangle-features take all 
possible dimensions within each 10x10 sub-window 
resulting in a total number of 5025. 
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Figure 9: Rectangle-feature calculation 
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Figure 10: The AdaBoost algorithm 

 
The threshold jθ  can be determined for each feature. 
Since the weak classifier needs only to be slightly better 
than a random guess, it can be calculated as 
 

)7.(}5025,...,1{,
2

)()(
21

11 EqJj

xfxf
N

i

n
ij

N

i

p
ij

j =∈∀

+

=
∑∑

==θ

  

where ∑
=

1

1

)(
N

i

p
ij xf is the mean of the j feature values in  

1N  positive examples (examples representing the object 

of interest), and ∑
=

2

1

)(
N

i

n
ij xf is the mean of the j feature 

values in 2N negative examples (examples representing 
the background). 21 NNN +=  is the total number of 
examples. AdaBoost solves three fundamental problems 



namely: learning effective features from a large feature 
set, constructing weak classifiers, each of which is based 
on one of the selected features, and boosting the weak 
classifiers to construct a strong classifier. Several strong 
classifiers are used in a cascade structure (as shown in 
Figure 11) moving from simple to complex to early 
discard highly unlikely face-like sub-windows and spend 
more time on difficult sub-windows.  
 

 
Figure 11: Cascade structure of classifier trained using 

AdaBoost 
 
Each classifier in Figure 11 evaluates a sub-window and 
rejects it in case of a negative result or keeps it for the 
next more complex classifier in case of a positive result. 
The proposed system for fatigue detection makes use of 
only four stages as oppose to the Viola-Jones detector 
that makes use of 38 stages with over 6000 features. The 
first stage uses 2 features, the second 5 features, the third 
10 features and the fourth 15 features. The reason for this 
significant difference is the complexity of the of face 
detection in a demographic application like that of Viola 
and Jones [5]. In this application complexity is reduced 
by the restriction of a camera close to the driver and 
therefore with few disturbances. Figure 12 shows 
detected faces using this approach, in images with 4 
different backgrounds.   
 

 
Figure 12: Face detection using AdaBoost 

 
2.2.3. Eye region localization:  
 
Eye region localization is the same as described in 
Section 3.2. 
 

2.2.4. Eyes and fatigue detection: Adaptive boosting 
algorithm and neural network 
 
It has already been shown in related literature ([6] and 
[7]) that to find the exact location of the eyes using 
AdaBoost is very difficult. It has been established that 
there is often insufficient local structure around the eyes 
and other facial features to reliably train feature finders. 
This performance problem has been addressed by 
combining AdaBoost with a global shape constraint 
scheme. This computationally more intensive route, 
which would only find the eyes and therefore would need 
additional computation to distinguish between open and 
closed eyes, was avoided. Despite these problems 
AdaBoost was used in the proposed scheme to classify 
between eye and non-eye sub-windows, anticipating a lot 
of false positives and negatives. A projection of the sub-
window values is made in both the eye region when the 
eyes were closed and when they were open. The 
projection is given by 
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where SWR is a row sub-window (in contrast to a pixel 
row) of the eye region, TSWC is the total number of 
column sub-windows, x is a sub-window in the eye region 
that belongs to the row sub-window SWR, and )(xH is 
the output value (1 for correct classification and 0 for 
rejected sub-window) of the of the cascade of AdaBoost 
trained classifier to the sub-window in the eye region 
(refer to Eq. 6). These projections are then classified by 
training a simple feed forward neural network trained 
using the back-propagation algorithm. The network is 
made of two layers: the hidden layer has ten nodes and 
the output layer has one node. Figure 13 shows the 
classified sub-windows and their projections onto the 
vertical axis of the image. These projections are classified 
between as open eye regions and closed eye regions using 
the mentioned neural network. In the proposed fatigue 
assessment scheme, one strong classifier with ten selected 
features is used rather than a cascade of classifiers since 
enough false negatives are already obtained. The cascade 
will therefore yield no improvement in eye detection 
because the criteria required for a cascade is to reduce 
false positives without increasing false negatives. Closed 
eye detection in 5 successive images indicates fatigue.  
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Figure 13: Eye detection and projection of sub-window 

values 
 
3. Experimental Results  
 
3.1 Experimental set up 
 
The database consists of 200 images acquired by taking 
pictures of 25 people with 4 different backgrounds (refer 
to Figure 2 and Figure 12), with open and closed eyes.  
Table 1 shows how the database was used to perform the 
training and testing. 
 
 Number of subject 

and backgrounds 
Eyes status Total 

number of 
samples 

Database 25 people with 4 
different 
backgrounds 

2 images one 
with closed 
eyes and one 
with open eyes 

200 
samples 

Training 
dataset 

5 people from the 
database with 1 
background 

2 images one 
with closed 
eyes and one 
with open eyes 

10 
samples 

Testing 
dataset 

20 people from the 
database with 4 
different 
backgrounds 

2 images one 
with closed 
eyes and one 
with open eyes 

160 
samples 

Left eye 
template 

5 left eyes from the 
training dataset 

2 templates: 
one closed and 
the other open s 

10 left eye 
templates 

Right eye 
template 

5 right eyes from the 
training dataset 

2 templates: 
one closed and 
the other open  

10 right 
eye 
templates 

Examples 
of faces 
AdaBoost  

5 faces from the 
training dataset 

1 face with 
open eyes 

5 faces 

Examples 
of eyes for 
AdaBoost 

10 eyes from the 5 
peoples of the 
training dataset  

2 examples: one 
closed the other 
open 

20 eyes 

Vertical 
projections 
for neural 
network 

From 5 eye regions 
extracted from the 
images in the training 
dataset and scanned 
with the AdaBoost-
trained classifier. 

2 eye regions: 
one with closed 
eye the other 
with open 

10 vertical 
projections 

 
Table 1: Database breakdown 

 
3.2 Performance  
 

Under the restriction that a subject must be at a fixed 
distance from the camera, facing the camera and with the 
camera focused on the person, the face detection step in 
both cases gives a 100 % detection rate. It must be noted 
however that if the subject does not directly face the 
camera, the symmetry property used in Algorithm 1 is 
compromised and the face detection suffers depending on 
the position of the face, while the Viola-Jones detector is 
more robust and is still able to detect the face. The eye 
region localization process is also a 100 % success rate. 
The performance under these restricted conditions is 
therefore assessed only for the last step: open/closed eye 
detection as shown in Table 2. The vertical projections 
used for training the neural network are obtained using 
the eye regions of images from the training set. The 
AdaBoost trained classifier H(x) mentioned in section 
2.2.4 scans the region and the responses to the classifier 
are used to obtain the projections. 
 

 Algorithm 1 Algorithm 2 
Correct 

classification 
rate for open 

eyes 

 
78 % 

 

 
81.25 % 

Correct 
classification 
rate for closed 

eyes 

 
87.5 % 

 
87.5 % 

Overall correct 
classification  

 
82.75 % 

 

 
84 % 

 
Table 2: Open/closed eye assessment performance  

 
3.3 Complexity 
 
Algorithm 1 
 
Face detection: The symmetry value is calculated for 
every column in the image using Eq. 1. The symmetry 
value involves all the rows in a column, the complexity is 
therefore dictated by the size YX ×  of the image and 
csan be expressed by )(XYO . 
Eye area localization: Two operations are used. The edge 
detection calculation (refer to Eq.3) is evaluated for all 
pixels, and depends on the size of the detected face image 
( 11 YX × ). The vertical projection (refer to Eq. 4) is 
evaluated for every row and the calculation involves 
every column. It also depends on the size of the face 
image. The complexity of these two operations is given 
by )( 11YXO , with YYandXX << 11 .    
Fatigue assessment: The template matching operation 
(Eq. 5) depends on the size of the template nm×  and the 
size of the eye region 22 YX ×  and can be expressed 
as )( 22YmnXO . 
The overall complexity in summary depends on the size 
of the image used and can be given by )(XYO . 



Algorithm 2 
 
Face detection: A cascade of four AdaBoost trained 
classifiers (refer to Eq. 6) scans the input image of size 

YX × until a sub-window is detected as a face. The 
complexity therefore depends on the size of the image 
and is expressed by )(XYO . 
Eye area localization: Two operations are used: The edge 
detection calculation (refer to Eq. 3) is evaluated for all 
pixels, and depends on the size of the detected face image 
( 11 YX × ). The vertical projection (refer to Eq. 4) is 
evaluated for every row and the calculation involves 
every column. It also depends on the size of the face 
image. The complexity of these two operations is given 
by )( 11YXO , with YYandXX << 11 .    
Fatigue assessment: One AdaBoost trained classifier 
(refer to Eq. 6) scans the obtained eye region of size 

22 YX × . The complexity can be given as )( 22YXO . The 
complexity of the neural network operation depends on 
the number of layers (3) and the number of nodes within 
each layer (10 for hidden 1 for output). Since these values 
are small compared to the size of the image, the 
complexity of the neural network operation is constant 
and can therefore be omitted.  
The overall complexity in summary depends on the size 
of the image used and can be given by )(XYO . 
 
 
3.3 Discussion 
 
The proposed algorithm used with our training set and 
database gives slightly better results compared to the 
modified Eriksson and Pananikolopous [1] method. The 
proposed fatigue assessment scheme is therefore a useful 
alternative. The complexity of both algorithms depends 
on the size of the input image. It must be noted that 
closed eye detection in both cases yield a better detection 
rate than open eye detection. This can be considered as an 
advantage since the closed eye scenario is more critical.  
A warning signal is issued if the subject is considered to 
be asleep, typically after detecting closed eyes in 5 
consecutive frames. Unlike the Viola-Jones face detector, 
the symmetry-based approach only works well when the 
subject is directly facing the camera.   
 
4. Conclusion 
 
This paper presented a novel driver fatigue detection 
algorithm, based on adaptive boosting. It was compared 
with an improved version of the work of Eriksson and 
Pananikolopous [1]. Both algorithms use three steps to 
detect fatigue: face detection, eye region localization, and 
closed eye detection. The proposed scheme uses the 
Viola-Jones face detector [5] for face extraction and a 
new approach for fatigue assessment based on adaptive 

boosting. Results showed that it performs slightly better 
than the modified Eriksson and Pananikolopous 
algorithm. 
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