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 This paper discusses about lips and eyebrows are used to detect driver cognitive 
distraction by using faceAPI toolkit. A few number of classification algorithms like 
Support Vector Machine (SVM), Logistic Regression (LR) and Static Bayesian 
Network (SBN) and Dynamic Bayesian Network (DBN) have been used for accuracy 
rate comparison. A real time experiment was set and driver’s facial expression was 
captured by using faceAPI toolkit. From initial experiment, result has shown that lips 
and eyebrows are highly correlated when a driver is cognitively distracted. Fusion 
between these two features with head movement has improved the accuracy rate in 
cognitive distraction detection. Lips and eyebrows are capable to be an indicator for 
driver cognitive distraction detection. A few number of available classification 
algorithms can be used to evaluate the features and parameters chosen. 
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INTRODUCTION 

 
 Generally, there are 3 major types of distraction: visual distraction, manual distraction and cognitive 
distraction (Liang, Lee & Reyes, 2007) Visual distraction occurs when the driver’s eyes are not looking on the 
road/off the road. Manual distraction occurs when the driver’s hands are not on the steering wheel for quite a 
while due to handling something not related to the driving process and cognitive distraction occurs when the 
driver’s mind is off the road, not thinking of anything related to safe driving. Visual distraction is the major 
distraction to occur in driving and it is also the easiest type of distraction to be detected. Yet, cognitive 
distraction is still a new type of distraction and has just been studied recently and it is not an easy task to 
carryout.  
 
Lips & eyebrows: 
 People in cognition, often furrow or perplex their brows when concentrating and also purse their lips when 
conducting mental searches (Azman, Meng, Edirisinghe & Azman, 2011). The thinking facial expression is 
usually with the eyes looking up or down and it is usually combined with the use of biting the lower lip as an 
addition to the idea that a person is struggling to think of something. A person with cognition usually will have 
behaviors like in table 1 on his lips and eyebrows. faceAPI used in this experiment to detect lips and eyebrows. 
 
Table 1: Lips and eyebrow behaviours (Straker, 2010). 

Lips Eyebrows 
Moving lips- 

Lips moving in the shape of words but without making sounds 
mean the person is thinking. Rolling in the lips sign of uncertainty 

and accompanying with lowered eyebrows. 
Protruding lips- 

Both lips pressed together and pushed out generally indicate doubt. 
If the finger touches them, it may indicate internal thinking. 

Furrowed brow - 
Concentration may also be shown in the forehead as the 

eyebrows are brought together as the listener seeks to hear and 
understand the other person. 
Middle-lowered eyebrow- 

When the middle of the eyebrows is pulled down so they slope 
inwards, this shows that the person is intense concentration. 

 
 FaceAPI uses face landmark (FLM) standard that contains Interior Point, Mask Point and Feature Point 
when the camera detects a face. In figure 1 below, both right and left eyebrows have three different muscles 
representing three different face landmarks (FLM):- 300, 301, 302 for right eyebrows (presented by red dots in 
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colour) and 400, 401, 402 for left eyebrows (presented by black dots in colour). Lips can be categorized into two 
groups of FLM. Outer lip contour (presented by brown dots in colour): 100, 101, 102, 103, 104 and 105. Inner 
lip contour (presented by pink dots in colour): 200, 201, 202, 203, 204, 205, 206 and 207.  

 
Fig. 1: Used landmarks. 
 
 Landmarks for eyes and nose have been ignored. Nose’s landmarks are not useful in this study because nose 
movement is very small.  
 
Real Time Experiment Setup: 
 After the first experiment successfully proved a strong correlation between eye movement and mouth 
movement (Azman et al), the second experiment was conducted to check on the lips and eyebrows. The 
experiment was conducted on a real road environment. Ten experienced drivers had volunteered to join the 
experiment in Loughborough University, LE113TU, United Kingdom. The routes distance is approximately 3.1 
miles and one lane per direction. Two runs on the experiment were conducted: Non Distracted (Control) and 
Distracted (Task). Non-distracted experiment lasted around 18 to 24 minutes and the distracted experiment 
lasted around 20 to 26 minutes, depending on the drivers speed. The average speed for every driver was around 
12 to 20 miles per hour. The speed limit on campus is 15 miles per hour. The car used in this experiment was an 
automatic transmission car. In the distracted setup basically ten tasks were applied to all drivers: 
a) Identify pedestrians (medium).  
b) Recognize the road signboard, banner and poster (medium). 
c) Identify road speed limit and respond accordingly (medium). 
d) Converse with experimenter (low). 
e) Use mobile phone (iPhone) to find words, contact numbers or use the phone’s applications like Weather, 
Calculator or Messages (high). 
f) Recognize model and registration number from the vehicle in-front (medium). 
g) Read from a pamphlet. Find contact number and price on the pamphlet (high). 
h) Answer some simple arithmetic questions (high).  
i) Collect a bottle on the floor and pass it to the experimenter (high). 
j) Adjust the radio settings (high).  
 These ten types of distractions were generally from three different sets of cognitive loading as defined in 
(Marinova, Devereaux & Hansman, 2011): Low cognitive loading, medium cognitive loading and high 
cognitive loading. On average every driver drove the car for 23 minutes each.  
 This experiment used faceAPI machine to capture the features on the driver facial’s expression. A normal 
web camera and a laptop to handle the faceAPI toolkit were set and mounted in the vehicle as in figure 2 above. 
 
Results: 
 For each driver, snapshot picture was taken. These pictures used to distinguish the differences between 
facial expression during distraction and non-distraction. Basically, even without the data analysis, there were 
obvious movements on the drivers’ facial features during distraction pictures in comparison with non-distraction 
pictures.  
 As in figure 3 and 4, the drivers’ eyebrows and lips showed a significant different movement between 
distracted and undistracted expressions. During cognitively distracted experiment, the drivers’ eyebrows were 
pulled down at the middle and made a slope inwards. Lips were also pursed in and pressed in together. During 
normal expression (without distraction), drivers’ eyebrows and lips were stretched out and there were no 
stressing muscles around those features.  
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Fig. 2: Vehicle setup. 
 

 
 
Fig. 3: Normal expression (non-distraction). 
 

 
 
Fig. 4: Distracted expression (with-distraction). 
 

Laptop with faceAPI  

Normal webcam 
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 Initially, the correlation between lips and eyebrows was studied. It has found that, there is a positive 
relationship on the correlation between lips and eyebrows as in the figure below: 
 

 
 
Fig. 5: Correlation between lips and eyebrows. 
 
 Data from the second experiment was first classified using those four algorithms in two different subsets of 
data: (a) with lips and eyebrows and (b) without lips and eyebrows as in the figure 6  below. Support Vector 
Machine was the best classification method to classify whether the drivers were cognitively distracted. With 
SVM, data with lips and eyebrows was 79.58% correctly classified and without lips and eyebrows was 71.19%. 
Thus, it showed that with lips and eyebrows, cognitive distraction in a driver can be classified correctly 8.39% 
more to the data set without lips and eyebrows. Logistic regression had an accuracy of 75.85% with lips and 
eyebrows and 68.41% without lips and eyebrows. SBN accuracy was 77.57% with lips and eyebrows and 
69.99% without lips and eyebrows. 
 

 
 
Fig. 6: Accuracy comparison (with and without lips & eyebrows). 
 
 Even when head rotation has been used in many other research studies (Kutila et.al 2007 & Miyaji et al 
2008) as one of the major parameters for cognitive distraction detection, it is still not good enough to give a 
good performance to detect cognitive distraction. Kutila et al has mentioned, in order to improve the cognitive 
distraction detection performance, new parameters are needed. 
 Next part of analysis in this experiment was done on another classification algorithm, Dynamic Bayesian 
Network (DBN). DBN model was developed by using a Bayesian Network Toolbox by Kevin Murphy 
(Murphy, 2005). 6 groups of face landmarks captured from faceAPI were used. Features used are inner lips, 
outer lips, right eyebrow, left eyebrow, head position and head rotation. These six groups of FLMs were used, 
computed and made as certain nodes in the DBN model and its network can be seen as in figure 7 and table 2 
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below. From the six groups of FLMs, the network contained 9 nodes in the network. Distraction is the only 
hidden node in the network and it is refers to whether the driver is distracted or not. The value for this 
distraction node is in binary. DBN was then compared with the other types of classification algorithms used 
before: SVM, SBN, and Logistic Regression.  
 
Table 2: DBN network’s notation and description. 

Notation Description 
t time 

distract Distraction 
HeadRot Head Rotation 
HeadPos Head Position 

R-Brow H Right Eyebrow Height 
R-Brow W Right Eyebrow Width 
L-Brow H Left Eyebrow Height 
L-Brow W Left Eyebrow Width 

Lips H Lips Height 
Lips W Lips Width 

 

 
 
Fig. 7: DBN network. 
 
 Previously, SVM is the highest algorithm correctly classified driver cognitive distraction. SBN was the 
second and LR was the last. However, with DBN, the accuracy rate or correctly classified data was closer to 
94%. If to compare with SVM, SBN, and Logistic Regression, DBN is the best because the data collected was in 
a real traffic and a real time sequence was involved. Thus, a dynamic classification algorithm is the suitable and 
the best algorithm to classify the distractions 
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Fig. 8: Comparison on classification algorithms.  
 
Conclusion & Future Work: 
 It proved that relationship between lip and eyebrows are strong in cognitive distraction. Information from 
lips and eyebrows can be combined with other proven features like blinking, PERCLOS, gaze and head 
orientation for a better improvement to detect driver cognitive distraction. 
 DBN is very suitable for a real time experiment because it can measure prior and posterior data. However, 
perhaps there might be other suitable and easier algorithms which can compete with DBN. 
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