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Abstract. Although many emotion recognition methods have been developed, 
monitoring a driver’s emotions during driving is still a challenge because some 
special requirements must be met. This study begins with the classification of 
emotion, and then proceeds to emotion recognition. In particular, this study 
presents the applications of blood volume pressure, skin conductance, skin 
temperature, gripping force, respiration rate, and facial expression in emotion 
recognition. Experiments are designed and carried out to find the mapping 
relation among heart rate, skin conductance, and skin temperature to two kinds 
of emotions: fear and amusement. The experimental results demonstrate the 
feasibility of using the selected physiological parameters to monitor drivers’ 
emotions. 
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1   Introduction 

In a driver-vehicle-road system, the driver’s state is essential to achieve safe driving. 
According to National Highway Traffic Safety Administration (NHTSA), some form 
of driver inattention was involved within three seconds before 80% of crashes and 
65% of near-crashes [1]. Hence, it is important to monitor drivers’ states during 
driving to improve their safety. 

A driver’s state generally consists of two aspects, physiological state and 
psychological state. The physiological state can be recognized by using medical 
knowledge. The psychological state refers to driver’s emotion, which is an intense 
neural state that arises subjectively [2]. People have developed many emotion 
recognition methods [3]. However, monitoring a driver’s emotions is still a challenge 
for two reasons: (1) the method should achieve a high recognition rate, and produce a 
real-time output, and (2) the input signals employed must be accessible during 
driving, and be measured by non-intrusive means. Few of current emotion recognition 
methods can meet these requirements. Hence, it is necessary to develop a method 
which can monitor a driver’s emotions. 
                                                           
* Corresponding author. 
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2   Motivation 

In this study, the goal is to find appropriate physiological parameters for recognizing 
a driver’s emotions during driving, and to find the relationship between his or her 
physiological parameters and emotions. The following sections, first discuss the 
classification and recognition of emotion, and then introduce five physiological 
parameters and facial expressions that are suitable for the monitoring of drivers’ 
emotions. Finally, experiments are designed and carried out to verify the mapping 
relations between physiological parameters and emotions.  

3   Emotion Classification and Recognition 

So far, there is no universally accepted method of classifying emotions. People 
usually adopt two approaches to do the classification. One approach is discrete 
emotional categories. In daily life, people describe individual emotions by using terms 
such as happiness, fear, etc. It is therefore sound to label emotions in discrete 
categories such as anger, disgust, fear, joy, sadness, and surprise [4]. However, this 
approach proves difficult in classifying blends of emotions. In addition, it is 
restrictive or culturally dependent to name emotions [5]. The other approach is 
multiple-dimension emotion spaces [6-8]. One popular emotion space is the arousal-
valence space in which arousal and valence indicate the activation level and the 
pleasantness of the stimuli, respectively [6]. By using the arousal-valence space, 
people can easily quantify human emotions [9]. However, it has not been verified that 
the arousal and valence are entirely independent [2]. Also, the emotion quantification 
result is person-dependent. As a result, this study selects discrete emotion categories, 
anger, disgust, fear, joy, sadness, surprise, and neutral to classify drivers’ emotions 
because (1) a driver’s performance is more affected by strong emotions than by weak 
emotions, (2) this classification method is simple and direct, and (3) it is convenient 
to evaluate the emotion recognition rate. 

People usually recognize others’ emotions from their facial expression and speech. 
However, emotions induce not only outward physical expression but also changes in 
physiological parameters. Thus, physiological parameters are also useful in evaluating 
human emotions [2;10;11]. Researchers have studied many emotion recognition 
methods based on facial expression [12;13], speech features [14;15], or physiological 
parameters [4;11]. These methods can be classified into two categories: single-
modality [11-15] and multi-modality [16;17]. When driving, a driver has little time to 
speak. Thus, the speech based methods are not suitable for this application. More 
attention should be paid on physiological parameters and facial expression from 
which the mapping relations between physiological parameters and emotions are 
explained as follows:  

(1) Blood Volume Pressure (BVP). The human heart is the pump of the human 
circulatory system, and produces the blood volume pressure (BVP) of whose value 
changes with each heart beat. Thus, BVP can be utilized to calculate the heart rate 
(HR) and heart rate variability (HRV). Ekman et al. have reported that a larger 
increase in heart rate is produced in anger, fear and sadness than in disgust [18]. 
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Palomba et al have found a deceleration in the heart rates of participants who watched 
surgery films [19]. Haag et al have indicated that the sympathetic and 
parasympathetic vagus nerves influence HRV [20]. Hence, BVP can be utilized to 
recognize drivers’ emotions. 

(2) Skin Conductance. Skin conductance describes the ability of human skin to 
conduct electricity. Many papers have reported the significant relations between skin 
conductance and emotions. Ekman et al have verified that fear and disgust elicit 
larger skin conductance than happiness [18]. Gross and Levenson have observed that 
participants’ skin conductance does not change after watching sad films, increases 
after amusing ones, and decreases after neutral films [21]. Nakasone et al have 
concluded that skin conductance linearly changes with individual levels of overall 
arousal [4]. Hence, skin conductance is important for drivers’ emotion recognition. 

(3) Skin Temperature. Skin temperature is an important physiological parameter in 
medical diagnosis. It is also affected by human emotions. Ekman et al have proven 
that fear produces a smaller increase in finger temperature than anger [18]. Levenson 
et al have found that the finger temperature increases for anger, but decreases for fear 
[22]. Sinha and Parsons have utilized physiological parameters, such as finger 
temperature, to recognize emotions, and achieved a 99% classification rate [23].  

(4) Respiration Rate. Respiration rate is the number of times that a human inhales 
and exhales per time unit. Respiration is generally influenced by a person’s physical 
workload. As the physical workload increases, more metabolic energy and oxygen are 
required, inducing a stronger respiration [24]. In addition, respiration can indicate the 
activity of the autonomic nervous system in the condition of vigilance, emotional 
response and mental workload [25]. It is also useful in recognizing a subject’s 
underlying affective state [26].  

(5) Gripping Force. Gripping force is the force that the driver applies to the  
steering wheel. According to common sense, a driver’s gripping force varies with the  
driver’s emotions. For example, a driver will increase the gripping force when 
nervous. Moreover, it has been utilized to evaluate real-time hypo-vigilance during  
driving [27].  

(6) Facial Expression. With the development of image processing technology, people 
have employed this technology to extract facial features. The features can be utilized 
to recognize emotions by using the Facial Action Coding System (FACS) [12; 28]. 
The emotion recognition rate can achieve 74%-98% [29]. However, anger and 
disgust, fear and surprise are commonly confused in many studies because they share 
similar facial actions. Thus, facial expression-based methods may be difficult to 
implement in decreasing emotion recognition error.  

After investigating the popular signals in emotion recognition, this study has selected 
blood volume pressure, skin conductance, skin temperature, respiration rate, and 
gripping force to recognize human emotions. This multimodal method can fulfill the 
task of recognizing human emotional state during driving. This preliminary work will 
be further applied to driver emotion detection. 
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4   Emotion Recognition Experiments 

Considering the experimental resource, this study designed and carried out 
experiments to find the mapping relations among heart rate, skin conductance, and 
skin temperature to two emotions: fear and amusement. The experimental factor is 
human emotion. It is hypothesized that physiological parameters change with human 
emotions.  

4.1   Experimental Apparatus 

The experimental apparatus consists of two computers, one 8-channel multi-modality 
encoder (i.e. ProComp Infiniti, Bio-Medical Instruments Inc.), one USB adapter (i.e. 
TT USB, Bio-Medical), one skin conductance sensor (i.e. SC-Flex/Pro, Bio-Medical), 
one blood volume pressure sensor (i.e. BVP-Flex/Pro, Bio-Medical), and one skin 
temperature sensor (i.e. Temp-Flex/Pro, Bio-Medical). The sensors are connected 
with the ProComp Infiniti that sends the data to computer No.2 by using TT USB 
(Fig. 1). Computer No.2 is utilized to record and analyze the data. Computer No.1 is 
employed to play movie clips to elicit emotions. 

Computer #1
(Play movie clips)

TT USB

ProComp
Infiniti 

SC-Flex/Pro. 

Temp-Flex/Pro 

BVP-Flex/Pro
Computer #2

(Measure)

Optic cable

USB cable
 

Fig. 1. Experiment set-up 

4.2   Experimental Method 

How to elicit the targeted emotions? The feasible methods include movie clips [30], 
texts [31], pictures [6], etc. Movie clips are selected in this study because (1) 60% 
participants are not native English speakers, and (2) pictures can not elicit as high 
emotion intensity as movie clips do. Thus, two movie clips from the scary films The 
Grudge, and The Exorcist, respectively, are used to elicit the emotion of fear. One 
movie clip from the comic film Eurotrip and one clip from comic television shows 
are utilized to elicit the emotion of amusement. The clips vary in length between 180 
and 500 seconds. 

Five university students in the age group of 20~35, one woman and four men, were 
invited to carry out the experiments. Their age distribution produces a mean of 27.2 
and a standard deviation of 5.54. Their available times were random. 

After arriving at the lab, each participant firstly rests on a seat about 10 minutes 
until a metabolic steady-state is reached. The participant can choose a comfortable 
posture and must remain as still as possible during all experiments. Then, the 
participant watches the four movie clips one by one. The playing order is randomly 
selected by using a program. After each movie clip, the participant has a break of 5 
minutes, and recovers from the previous emotion. Simultaneously, the participants’ 
heart rate, skin conductance, and skin temperature are measured with a rate of 8 
samples per second.  
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4.3   Results and Discussion 

In this study, the participants carried out a total of 19 experiments from which 19 data 
files were generated. Four of the participants carried out four experiments, 
respectively, while the fifth participant performed three experiments. As an example, 
participant No.1’s heart rate, skin conductance and skin temperature against time are 
illustrated in Figs. 2, 3, and 4.  
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Fig. 2. Participant No.1’s heart rate (HR) when watching the four movie clips 
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Fig. 3. Participant No.1’s skin conductance (SC) when watching the four movie clips 
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Fig. 4. Participant No.1’s skin temperature (Temp) when watching the four movie clips 

All participants’ means and standard deviations of heart rate, skin conductance, 
and skin temperature are calculated and shown in Table 1. It is noted that participant 
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No.5’s data in comic clip No.2 is not available because the experiment was missed. 
Thus, the participant’s data in scary clip No.2 should be removed for satisfying the 
requirements of analysis of variance (ANOVA). 

Table 1. Means ( X ) and standard deviations (SD) of heart rate (HR), skin conductance (SC), 
and skin temperature (Temp) 

Comic clip #1 Comic clip #2 Scary clip #1 Scary clip #2 Participant Parameter 
X  SD X  SD X  SD X  SD 

HR 84.85 34.66 80.18 28.75 67.65 6.28 73.91 19.27 
SC 2.93 0.74 4.75 0.96 5.24 0.09 6.11 1.56 No.1 
Temp 33.1 0.51 31.43 0.05 32.01 0.03 31.56 0.29 
HR 61.84 3.56 62.14 9.98 57.94 4.08 59.96 11.34 
SC 3.28 0.21 3.96 0.09 4.69 0.29 4.51 0.08 No.2 
Temp 28.2 0.05 26.71 0.12 27.69 0.14 27.12 0.12 
HR 85.06 23.85 81.86 24.89 78.25 15.73 74.49 15.46 
SC 5.09 0.84 6.6 0.48 7.34 0.63 8.26 0.79 No.3 
Temp 35.57 0.4 36.07 0.09 35.89 0.1 36.11 0.13 
HR 79.38 4.35 82.58 12.2 76.83 4.72 75.82 4.13 
SC 7.64 0.62 8.74 0.47 8.79 0.72 9.52 0.3 No.4 
Temp 34.18 0.14 33.88 0.18 34.67 0.2 34.3 0.1 
HR 93.78 26.56 - - 76.3 3.41 72.06 6.05 
SC 4.91 0.85 - - 7.62 0.24 7.09 0.74 No.5 
Temp 34.39 0.47 - - 34.24 0.02 33.78 0.41 

In order to verify the difference between the means in comic clips and those in 
scary clips, analysis of variance (ANOVA) is employed. When the heart rate means in 
both kinds of clips are compared, the statistics are shown in Table 2. It is found that 
the heart rate means in comic clips are significantly different from those in scary clips 
(α=0.1, F=3.269, P=0.089), and are larger. When the skin conductance means in both 
kinds of clips are compared, the statistics are shown in Table 3. The result indicates 
that the skin conductance means in comic clips are significantly different from those 
in scary clips (α=0.1, F=3.084, P=0.098), and are smaller. When the skin temperature 
means in both kinds of clips are compared, the statistics are shown in Table 4. the 
result shows that the skin temperature means in comic clips are not different from 
those in scary clips (α=0.1, F=1.86E-0.5, P=0.997). Thus, it is concluded that the 
emotion of amusement induces larger heart rate and smaller skin conductance than  
the emotion of fear. The difference between skin temperature means in both emotions 
is not significant.  

Table 2. ANOVA: heart rate means (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 276.2817 1 276.2817 3.268932 0.089438 3.048 
Within Groups 1628.56 16 84.51742    
Total 1628.56 17     
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Table 3. ANOVA: skin conductance means (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 11.17069 1 11.17069 3.083679 0.098202 3.048 
Within Groups 57.96031 16 3.622519    
Total 69.131 17     

Table 4. ANOVA: skin temperature means (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 0.0002 1 0.0002 1.86E-05 0.996616 3.048 
Within Groups 172.4427 16 10.77767    
Total 172.4429 17     

In order to investigate the difference between the standard deviations in comic 
clips and those in scary clips, ANOVA is utilized. When the standard deviations of 
heart rate in both kinds of clips are compared, the statistics are shown in Table 5. It is 
indicated that the standard deviations of heart rate in comic clips are significantly 
different from those in scary clips (α=0.1, F=4.733, P=0.045), and produce a larger 
mean (i.e.18.76) than that in scary clips (i.e.9.38). When the standard deviations of 
the skin conductance in both kinds of clips are compared, the statistics are shown in 
Table 6. The result shows that the standard deviations of skin conductance in both 
kinds of clips are not significantly different (α=0.1, F=0.113, P=0.742). When the 
standard deviations of skin temperature in both kinds of clips are compared, the 
statistics are shown in Table 7. It is verified that the standard deviations of skin 
temperature in both kinds of clips are not statistically different (α=0.1, F=1.86E-0.5, 
P=0.997). Thus, it is concluded that the heart rate in comic clips changes more 
actively than that in scary clips. The changes in skin conductance and skin 
temperature in both emotions are not significantly different. 

Table 5. ANOVA: heart rate SD (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 395.5547 1 395.5547 4.732553 0.044932 3.048 
Within Groups 1337.307 16 83.58166    
Total 1732.861 17     

Table 6. ANOVA: skin conductance SD (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 0.017422 1 0.017422 0.112593 0.741571 3.048 
Within Groups 2.475778 16 0.154736    
Total 2.4932 17     
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Table 7. ANOVA: skin temperature SD (2 comic movie clips vs. 2 scary movie clips) 

Source of Variation SS Degree of 
Freedom 

MS F P-value F0 

Between Groups 0.0002 1 0.0002 1.86E-05 0.996616 3.048 
Within Groups 172.4427 16 10.7777    
Total 172.4429 17     

5   Conclusions 

Human emotions are essential to enhance driving safety. Considering the special 
requirements during driving, this study concludes that blood volume pressure, skin 
conductance, skin temperature, respiration rate, and gripping force should be utilized 
in recognizing drivers’ emotions. The experiments verified that the emotion of 
amusement produces a larger heart rate mean, a larger standard deviation of heart rate, 
and smaller skin conductance than the emotion of fear. However, the standard 
deviation of skin conductance, as well as the mean and standard deviation of skin 
temperature do not change with the two emotions, fear and amusement. Hence, it is 
feasible and necessary to develop a multimodal drivers’ emotion recognition method 
based on physiological parameters and facial expression. 

In the future, the method developed in this study is expected to be applied to a 
sensor-integrated emotion recognition system which can monitor a driver’s emotions 
in a non-invasive manner.  
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