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Abstract 

Towards Driver’s Facial Expression Analysis in Real 
Driving Setting: A Deep Learning Approach Focusing 

on Emotional State and Gaze Behaviors   
 

Soo Yeon Kim 

Department of Industrial Engineering 

The Graduate School 

Seoul National University 

 
In this thesis, we conduct driver behavior study based on facial expression dataset obtained 

from real driving experiment. We examine facial expression recognition model (FER) 

performance on our driver’s facial expression dataset. Also, we investigate whether driver’s 

emotional state information helps the driver’s forward gaze classification through deep 

learning approach. The experiment result shows that the driver’s emotional state information 

rarely helps the driver’s forward gaze prediction. We suggest several solutions to improve 

the deep learning result with current facial expression dataset and to overcome human factors 

related challenges in experiment design. This study has several potential applications, from 

studying driver behavior to infotainment and human-vehicle interaction features. The dataset 

has high potential to provide valuable resources for future FER research and autonomous 

vehicle fields. 

 

Keywords: Driver emotion and behavior, Facial expression recognition, Deep learning 
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Chapter 1 
 

Introduction 

 

 
As the demand for automated vehicles increases, considerable research has conducted 

accordingly. Among the level of automation ranging from 0 to 5 [1], the driver is expected 

to be available for occasional control, but with sufficiently comfortable transition time in 

level 3 (National Highway Traffic Safety Administration [2]). In level 3, automation allows 

the driver to give full control of functions to the vehicle in certain driving conditions, but the 

driver is still required to control the vechile in many circumstances [2]. For safety issues, the 

driver should respond to any takeover request in urgent situations. This means that the 

driver's takeover performance is crucial in autonomous driving. Especially in the case of 

emergencies, when shifting from autonomous to manual driving mode is necessary, it is 

important to know whether drivers are engaged in non-driving related tasks (NDRTs). In 

preparation for the urgent situation, the driver's continuous attention is still important to get 

ready for any takeover request situation even in the semi-automated driving mode such as 

level 3. Among many features affecting the driver's takeover performance, the drivers’ 

emotional state is well-known as one significant factor. Emotions can affect driving 

performance in various ways like many studies represent that some emotions make drivers 

perform worse in the driving context as perception and attention can be compromised [3]. 

Hence, the driver’s emotional state could have a strong tie with driving and takeover 

performance.   

 

 Many studies have conducted to understand driver’s behavior and emotion and to 

develop human-centered automated vehicles [4]. There is an increase in qualitative 
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experiments of the driver's behavioral responses to partially automated mode [5]. Also, some 

studies focus on the driver’s specific behaviors in highly automated mode [6]. Along with 

this, a study on drivers' emotions in automated vehicles has constantly conducted. Among 

many studies on driving behavior such as drowsiness, situational awareness, mind wandering, 

etc., drivers’ emotion is considered important for various reasons. Firstly, the driver’s 

judgment or attention can be affected by emotional state [7]. Thereby, all emotions such as 

positive, negative, and neutral are considered as important factors that might affect the 

driver’s attention level [8]. Among all types of emotions, anger, sadness, boredom, and 

anxiety are frequently cited as the most influential emotions on driving behavior [9], [10]. 

Research has shown that specific emotions could arouse aggressive driving behavior and 

negatively affect driving performance [11].  

 

 To conduct an in-depth driver study, various research methods such as machine 

learning algorithms are applied. Recently, many studies have applied a machine learning 

model to the driver’s image and video data for analyzing drivers’ emotions, distractions, 

abnormal behaviors, etc., while driving. Using a deep learning algorithm, researchers have 

developed on real-time driver emotional status monitoring system [12], [13]. Also, driver 

distraction and abnormal behavior recognition studies have conducted with the application 

of the CNN model [14], [15]. Moreover, many empirical studies with multimodal and 

physiological devices have conducted to figure out how drivers’ emotions affect driving 

performance [16], [10]. 

 

 In order to investigate the driver’s emotional state and gaze behavior, this study 

collects facial expression data from real driving experiment on the road and applies facial 

expression recognition (FER) algorithms to analyze the drivre's emotions and behaviors. The 

research questions to address the study objectives are desribed below. 

 

 

1. Will the driver's emotional state information can help predicting the driver's gaze 
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behavior such as whether the driver is constantly gazing forward while driving in 

specific emotional state? 

2. Will the facial expression recognition (FER) algorithms work well in real driving 

setting?   

3. Are there any human factors related challenges found from facial expression dataset?  

 

The thesis is composed of 6 chapters. In Chapter 2, we review literatures related to current 

automation level of automated vehicles, the driver’s emotion studies, and deep learning 

application in understanding driving behaviors. In Chapter 3, we explain the experimental 

method and data analysis process. In Chapter 4, we present driver’s emotional state and gaze 

behavior classification results. By combining the classification results, we show whether the 

driver’s emotional state information can help driver’s gaze behavior classification. In 

Chapter 5, we discuss interpretations of the main findings and implications of the study 

results with challenges and future research directions. Finally, in Chapter 6, we briefly 

conclude and provide a key takeaway of the thesis. Below Table 1.1 holds acronym utilized 

in this study. 

 

Table 1.1 : Summary of acronym utilized in the study 

Acronym Definition 

ADAS Advanced Driver Assistance System 

HMI Human-machine interaction 

HAV Highly automated vehicle 

NDRT Non-driving Related Task 

TOR Takeover Request 

FER Facial Expression Recognition 
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Chapter 2 

 

Literature Review 

 

  

2.1 Level of Automation and Safety by SAE and NHTSA 

The SAE designates automotive vehicles into 6 levels from level 0 to level 5. These 6 levels 

represent the capabilities of the vehicles’ automation. The level determines whether the 

human driver or the system is responsible for driving a vehicle. In level 3, it is semi-

automation whereas level 5 provides full-automation. Currently, most vehicles in public 

belong to 2 to 3 level of automation. Many semi-autonomous vehicles are currently being 

operated on the road and half of the vehicles are expected to be turned into autonomous 

vehicles in the future [17]. Even at the semi-automation level, drivers should engage in 

driving and have responsibility for monitoring the system. For safety, the driver is required 

to respond to takeover requests (TOR) during the semi-autonomous driving mode. The driver 

should continuously pay attention during autonomous driving since the driver should handle 

the steering wheel to take over manual driving from autonomous driving. For the sake of the 

driver’s safety, tracking the driver’s status is crucial in autonomous driving to prepare when 

a takeover request appears. Keeping the driver inside the system and understanding the 

driver’s status such as emotional states and gaze behaviors are the main focus of safely 

adapting to semi-autonomous driving modes such as level 3 automation in vehicles. 

Especially in TOR situations, where the drivers are required to be inside the system, drivers 

must be able to appropriately operate the autonomous vehicle system. 
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 Some human factors in driving can be physiologically measured through 

measurement systems and body sensors while cognitive factors are hard to measured. Such 

cognitive factors incorporate gaze behavior, physical movements of the driver and NDRT 

interaction [18]. Understanding of factors influencing the driver’s reaction to automomous 

vehicel systems is needed, better measurement techniques and algorithms are necessary to 

potentially predict the right time interval for secure driver behavior [19]. Designing adequate 

takeover time is also necessary for the driver safety, so additional physiological measurement 

and application of AI algorithms study are reqruied for driver observation. 

 

 Takeover request is an important feature of highly automated vehicle (HAV) to 

ensure secure driver bevhavior. It notifies the driver to take over vehicle control when the 

driver needs to drive the vehicle manually [20]. The driver can safely engage in other non-

driving related tasks (NDRT) since TOR notifies the driver the right time of permission to 

disengage from driving or not. In system-initiated takeover situations, the HAV issues a 

takeover request (TOR) to the driver and provides sufficient lead time to stop performing 

non-driving tasks (NDRT) so that the driver can prepare for their takeover control of the 

vehicle [20], [21], [22], [23]. 

 

 
Figure 2.1: Illustration of the TOR in highly automated vehicle 
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2.2 Driver’s Emotion and Behavior 

The driver's emotional states have several impacts when driving autonomous vehicles. 

Form many studies, it is found that emotional states can affect the driver's driving 

performance including reaction time and takeover readiness. To securely manage any 

negative influences of emotions on driving, research on application of emotion regulation 

strategies related to the driving task has conducted. There are still many challenges on 

research to analyze emotional state classification and to personalize it in application to in-

vehicle infotainment (IVI) systems. A lot of research highlights a great potential for the 

development of emotionally aware in-cabin driver assistants which will be necessary in the 

future of human-automated vehicle interaction. 

 

According to previous studies, emotions have different impacts on driving 

behavior. Emotional effects can vary across different populations due to age, gender, and 

cognitive capabilities, so many emotional state-related driving studies have done for 

specific populations and diverse driver types. Some research has discovered that induced 

emotions significantly influenced drivers’ takeover readiness and performance [11]. 

According to the experiment result, it was observed that maximum longitudinal 

acceleration, maximum longitudinal jerk, and the minimum time to collision in the driver's 

takeover driving behavior. Drivers had the best takeover performance when they felt calm 

and the lowest takeover readiness when they felt anger [24]. One experimental study also 

shows that neutral or fearful drivers seem to secure better driving performance compared to 

angry, sad, or happy states. Another driving simulation experiment represents that higher 

frequency and more repetitions of the auditory displays led to faster takeover reaction 

times, but there was no connection with anger or neutral emotion. For takeover quality, 

angry drivers drove faster, took longer to change lanes, and had lower steering wheel 
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angles than drivers with neutral emotional state. The driver's emotion was aroused in a 

variety of ways. One study induced the driver's emotions by writing his past emotional 

experience either anger, happy, sad, or neutral. Diverse experiment studies shed light on the 

importance of understanding the role of driver's emotions in takeover scenarios in HAVs.  

 

There are 5 factors in driving: angry, anxious, dissociative, distress-reduction, and 

careful driving. Those factors are closely related to drivers’ emotional states [25]. 

Considering those 5 factors, one automobile company has developed in-vehicle interface 

design for HAV. Hyundai Motor Company has designed the prototype “Caring music” for 

people who feel anxious while driving [26]. Such in-vehicle interface is designed to enhance 

the driver's controllability while the vehicle system serves as a driver assistance. One other 

empirical driving simulation study has discovered that drivers with fear are as safe drivers as 

drivers with neutral emotions and these groups significantly make low driving errors, 

compared to drivers with anger or happiness. Various driving styles are connected to diverse 

emotional components. Understanding the driver's emotional states in automated vehicles 

and making connection with individual's driving styles is important to secure better driver 

experience. Even though many studies are undergoing a lot, estimating the driver’s emotional 

states is not an easy task. Using multimodal techniques and application of AI algorithms are 

highly recommended, but the optimal combination may vary depending on the driving 

situation.  

 

2.3. Deep Learning Application on Driver’s Facial Expression 

There have been various attempts to study driving behavior by analyzing the driver's facial 

expression using deep learning analysis. Recently, researchers of deep neural networks 

(DNNs)-based facial expression recognition (FER) have reported results showing that these 
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approaches overcome the limitations of conventional machine learning-based FER 

approaches. FER has used in many applications in human-computer interaction [27], [28]; 

virtual reality (VR) [29], and advanced driver assistant systems (ADASs) [30]. In particular, 

FER is one of the most useful factors of ADASs, because it is applicable to detect driver 

fatigue and, in conjunction with the rapidly developing intelligent vehicle technologies, assist 

safe driving. Studying FER can facilitate the driver's safe driving by determining the 

psychological and emotional state of the driver using based on his facial expressions. 

 

 Recent studies represent a diverse usage of the FER algorithm in the driver study. 

One study has developed a FER algorithm for monitoring the driver’s emotions that can 

operate in low-specification devices installed in vehicles [31]. Facial landmarks are detected 

from input images and geometric features are extracted, considering the spatial position 

between landmarks. These feature vectors are then implemented in the proposed hierarchical 

WRF classifier to classify facial expressions. Another study has applied the FER algorithm 

to a spontaneous driver emotion facial expression dataset [32]. It investigates driver’s 

emotions with 60 subjects by recording video in driving simulation and combines both the 

discrete emotion method and dimensional emotion method to describe drivers’ negative 

emotions and positive emotions quantitatively by using the well-known differential emotion 

scale (DES) and Self-assessment manikin [33], [34]. The result shows that the driver's facial 

expressions may be affected by driving tasks and may affect the FER detection. In addition, 

another study represents the first steps to enabling FER in the Smart Eye driver monitoring 

systems [35]. This study records a multi-camera expression database that is annotated with 

bounding boxes around the face. Then, they compare different deep convolutional neural 

network (CNN) architectures suitable for embedded devices on the classification task. 
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Figure 2.2: Examples of CNN use in driver’s FER classification 

 

 Other studies utilize Convolutional Neural Network (CNN) and Deep Neural 

Network (DNN) to analyze diverse driving behaviors using the driver’s facial expression and 

body movement dataset. To understand the driver behaviors, a driver activities recognition 

system is designed based on the deep convolutional neural networks [36]. Specifically, seven 

common driving activities are identified, which are the normal driving, right mirror checking, 

rear mirror checking, left mirror checking, using in-vehicle radio device, texting, and 

answering the mobile phone, respectively with pre-trained CNN models. Three different pre-

trained CNN models, namely, AlexNet, GoogLeNet, and ResNet50 are adopted and 

evaluated. The detection results for the seven tasks are achieved, and the CNN models are 

trained for the binary classification task. The study well-identifies whether the driver is being 

distracted or not with binary detection accuracy, and this proves the advantages of using the 
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deep learning approach. The other research deals with the driver’s hand detection dataset for 

studying driver behavior and alertness analysis to in-vehicle infotainment and human-

machine interaction features [37]. It provides new vision-based detection dataset for hands 

in a naturalistic driving setting and access feasibility of the dataset by training and testing 

object detectors, and extract hand detection problems. Computer vision-based image 

processing techniques is also frequently used for detecting specific driver’s behavior such as 

drowsiness. This research uses various images of driver to detect drowsiness states using the 

driver's eyes states and facial expressions [38]. Fatigue that occurs while driving is analyzed 

through image processing, and mouth opening speed and size are measured using face 

tracking and mouth tracking. Although the EEG technique is useful, an artificial neural 

network (ANN) is considered suitable because drivers cannot use a heavy equipment on their 

heads while driving. 

 

 

 

 
Figure 2.3 : CNN and DNN application on diverse driving behaviors using driver’s facial 

expression and body movement dataset 
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Chapter 3 

 

Methods 

 

 

3.1 Participants 

A total of 30 participants took part in the study (15 males and 15 females). All participants 

were with a minimum of two years of driving experience and a minimum age of 18. The 

mean age was about 39 years (min = 26, max = 59), and the standard deviation was 9.54 

years. For the safety of the driving experiment, the participants' car insurance was included 

in the participation fee. An experiment participation fee of $90 was paid to motivate the 

participants. 
 

 
Figure 3.1: A driver’s facial expression video is being recorded 

 

3.2 Experiment Design 

Participants conducted a real-road driving experiment for a total distance of 6.6km for 1 hour. 
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The experiment took about an hour to completed. The section was divided into three types 

[39]. Participants were not induced of any emotion during the experiment. They were 

instructed to drive as they normally would. 

 

1) A low-speed section of 1.7 km (children's road) 

2) A medium-speed section of 2 km (a general road) 

3) A high-speed section of 2.9 km (city highway) 

 

Two Hyundai Kona EVs were used for the driving experiment. While driving on the road, 

all drivers’ facial expression was recorded by Go Pro HERO 8 video camera. The experiment 

was conducted under the guidance of Conductor 1 and the arrangement was set as shown in 

Figure 3.2 and 3.3. After Conductor 1 explained the experimental guidelines, the driving 

experiment was initiated. 

 

 
Figure 3.2: Apparatus of the experiment 
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Figure 3.3: Seat arrangement of real driving experiment with 2 conductors 

 

3.3 Data 

3.3.1 Summary of Data 

The 30-video data (1920x1080 (FHD) was converted to 29,514 real driving facial expression 

image datasets (frame/sec). There is no distinction between train/validation/test set. 

Approximately 1,000 images dataset per each participant were collected. (Figure 3.4)  
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Figure 3.4: A brief overview of facial expression dataset 

 

3.3.2 Data Analysis Process 

Data analysis process is followed as Figure 3.5. After collecting each driver’s facial 

expression image dataset, it is labeled as subjective annotation. To investigate the driver’s 

emotional state and gaze behavior, facial expression image dataset and labeled data (ground 

truth) are processed by FER algorithm. Forward-gaze classification and emotional state 

classification of driver image are conducted through deep-learning analysis approach. 

Feasibility is checked to see whether it was possible to train a neural network to classify 

forward-gaze image dataset. ResNet18 model was applied to check feasibility [40]. The 

validity of the dataset is checked whether the emotional state of the dataset was well 

classified with the SOTA model. In this study, the FER algorithm of SOTA model’s FER 

method DMUE is applied [41]. DMUE is an already-trained network with public facial 

expression datasets, AffectNet and RAF-DB [42]. To raise the accuracy of classification 
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result, Face Recognition and Deep Face methods are being used [43], [44]. Lastly, combining 

those classification result, it is determined whether emotional state information can be 

helpful on forward-gaze classification. ResNet-18 output vector from forward-gaze image 

dataset and MLP output vector from emotional state annotation labels (ground truth) are used. 

 

 
 

Figure 3.5: Data analysis process 
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3.3.3. Subjective Label Annotation 

The driver’s emotional state and forward-gaze were labeled by 10 trained interrater. For the 

forward-gaze annotation, it was binarily labeled. If the driver gazed forward while driving, 

it was labeled as 1, and if the driver did not gaze forward, it was labeled as 2. For the 

emotional state annotation, it was labeled in three ways. Depending on the driver’s use of 

facial muscles such as movement of eyebrow, mouth shape, etc. [32.] [45]. If the driver 

seemed unhappy, it was labeled as 1 (low), when expressionless, as 2 (neutral), and when the 

driver seemed happy or excited, as 3 (happy). This rating task was carried by graduate student 

level interrater, and they got a training session for completing the given task. 

 

 

Figure 3.6: Forward-gaze and emotional state information are labeled by interrater. 

 

3.4 Data Analysis 

3.4.1 Fleiss’ Kappa analysis for subjective label annotation validation 

From each of the 30 video clips, 10 pictures of the driver's face were randomly extracted, 

and the raters were evaluated on their emotions. As a result, 10 interrater evaluated 300 

photos in 3-class emotional state (low, neutral, happy). After all the 30 video clips had been 
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rated, Fleiss' kappa was used to compare the ratings of the interrater (i.e., to compare raters' 

level of agreement). 

 To analyze the interrater reliability of the labeling task, Fleiss kappa were calculated. 

P values < 0.05 were considered significant Fleiss’ kappa. The interrater reliability for 

emotional state labeling annotation was good to very high (Fleiss’ kappa = 0.876, p <0.001). 

For each emotional state, overall kappa result was very high (Fleiss’ kappa = 0.8 to > 0.9) 

(Table 3.1) 
 

Table 3.1 : Interrater Reliability Check for the Emotional State Labeling Tasks 

Subjects Fleiss’ kappa P value 

Happy 0.915 <0.001 

Neutral 0.833 <0.001 

Low 0.833 <0.001 

All 0.876 <0.001 

 

3.4.2 Forward-gaze Classification of Driver Image Based on Deep Learning 

ResNet-18 (Deep residual network) model is applied to check feasibility of forward-gaze 

dataset [46]. Firstly, the data of 29 drivers is divided into the train set and the data of 1 driver 

into the validation set. Second, binary classification is processed based on the driver’s gazing 

behavior (whether gaze-forward or not). 

 

 Among well-known CNN architectures for FER, namely, AlexNet, VGG16, 

ResNet-18 and DenseNet-BC-100, ResNet-18 is selected in this study since ResNet can 

converge faster and perform more accurately due to its residual learning mechanism, shortcut 

connection and batch normalization. ResNet has achieved great success in multiple 
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challenges [40]. ResNet is based on the deep residual learning framework, and it is easier to 

optimize the residual rather than the original mapping. Therefore, in this study ResNet model 

is chosen for training emotion features. ResNet-18 has good capacity and shows significant 

performance in most tasks, it is most popularly used at the beginning of the FER study for 

checking feasibility. Below Figure 3.7 and 3.8 explain overall flow of ResNet-18 model and 

cross entropy loss.  

 

 
Figure 3.7: Overall flow of ResNet-18 model 

 

 
 

1) Purpose: Categorical classification 

2) 𝐿!"(𝑦$, 𝑦) = −∑ 𝑦# log(𝑦$-)# , 		𝑦$ = 𝑓(𝑥) 

3) 𝑥 = {𝑥%, 	𝑥&, 	 … , 	𝑥'} : Image batch 

4) 𝑦# : target vector (one-hot vector) 

5) 𝑓: neural network (ResNet18) 
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Figure 3.8: Cross entropy loss 

 

3.4.3 Emotional State Classification of Driver Image Based on Deep Learning 

SOTA (State of the Art) model is used to check validity of emotional state dataset 

[40]. Since there was insufficient number of low (1) and happy (3) emotional state dataset, it 

was not available to process with deep learning solely with this dataset. Therefore, DMUE 

model [41], an already-trained network on publicly available FER dataset AffectNet 

(420,000 image datasets) and RAF-DB (30,000 image datasets) is applied [42].  

 

 
Figure 3.9: Overview of the DMUE. y denotes the set of annotations of images in a batch. y 

denotes the set of mined latent distributions of images in a batch 

 

Table 3.2: Mean Accuracy and standard deviation (%) on RAF-DB and AffectNet 

with synthetic noisy annotations in DMUE model
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Although the DMUE model is classified into 8 categories, the categories are modified into 3 

considering the annotation criteria since this study deals with only 3 emotional state 

subjective annotation. 

• Disgust, Anger, Contempt => Low (1) 

• Neutral, Sad, Fear => Neutral (2) 

• Happy, Surprise => Happy (3) 

 

 



 

 

 

21 

 

Figure 3.9.1: DMUE model with 8 emotional state categories 

 

Emotional state classification is measured with full images and face crop images. To raise 

the accuracy of classification, Face Recognition [43] and Deep Face [44] methods were 

applied to do face crop.  

 

 

 

 

 

 

 

 

 

Figure 3.9.2: Full image and Face crop images by Face recognition and Deep faces 
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3.4.4 Forward-gaze classification of dataset using emotional state information 

Having combined classification results from chapter 3.4.1 and 3.4.2, it was investigated 

whether a driver’s emotional state information could help driver’s forward-gaze 

classification. Feature concatenation is conducted with ResNet-18 output vector from 

forward-gaze image dataset and MLP (multilayer perceptron) output vector from emotional 

state annotation labels (ground truth). After concatenation of the two vectors, final 

classification is done through a fully-connected layer. The summary of deep learning 

algorithm applications in the study is listed below Table 3.3. 

 

 

Figure 3.9.3: Overview of feature concatenation process 

 

Table 3.3: Summary of Deep learning algorithms application on the study 

 
Research Methods/Data Application on the study 

He, K et al., 2016 ResNet18 

ResNet18 model is used to check the feasibility 

of data. This is commonly used at the 

beginning of the study because it has good 

capacity and shows significant performance in 

most tasks. 

ResNet18

NN
Layers
(MLP)

256

256

Fully-connected
layer
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Mollahosseini, A 

et al., 2019 

AffectNet/ 

RAF-DB 

AffectNet includes 420,000 images of labeled 

data (0: 'Neutral', 1:'Happy', 2:'Sad', 

3:'Surprise', 4:'Fear', 5:'Disgust', 6:'Anger', 

7:'Contempt) to supplement the data. RAF-DB 

includes 30,000 images of labeled data (0-7 

classes). When classifying emotional states, the 

network trained with two datasets is used. 

She, J et al., 2021 DMUE DMUE has the best performance in the field of 

facial expression regeneration so far. This is the 

network with 52.67-61.21% accuracy in 

AffectNet data and 75.12-83.19% accuracy in 

RAF-DB data. 

Ageitgey et al., 

2022 

Face 

Recognition 

Face recognition method to crop the face from 

full image is used to raise the accuracy of 

classification of emotional states. 22,461 

images were cropped. 

Serengil, S. I et 

al., 2020 

Deep Face Deep face method to crop the face image is 

used to raise the accuracy of classification of 

emotional states. This is a well-known face 

crop method and was able to recognize 29,328 

faces. 
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Chapter 4 

 

Results 

 

 

4.1 Driver’s Forward Gaze Classification 

For classifying the driver’s forward-gaze, the ResNet18 model was used to check the 

feasibility of data. Data of 29 participants were divided into the train set and the data of 1 

participant was divided into the validation set. Resnet18 was used to classify the driver’s 

forward-gaze by whether the driver’s gaze was in the forward direction or not. 

 

Train loss continued to decrease, but validation accuracy vibrated after 70 epochs, 

which caused overfitting. When using S1 (Participant’s given number) as a test set, the 

accuracy was 80.2%, which shows that out of 988 images, 792 images were accurate. It was 

analyzed that learning about the task was sufficiently possible although network outputs were 

not all mapped forward, significant outputs were checked. However, because of the limited 

variety of data variants, overfitting was caused in an early stage. 
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Figure 4.1: Train loss result of driver's forward gaze image classification. This result shows 

that the training loss continues to decrease. 

 

 
Figure 4.2: Validation accuracy result of driver's forward gaze image classification. This 

result shows that the validation accuracy gradually increases and vibrates after 70 epochs. 

 

4.2 Driver’s Emotional State Classification 

To classify the emotional states, the DMUE network trained with AffectNet/ RAF_DB 

public data was used to check the validity of the dataset. Face recognition and the deep face 

method were used to crop the faces from full image dataset. For the driver’s emotional states 

image classification, three different approaches such as full image and two face crops using 
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Face recognition method and Deep face method were applied to drive the best accuracy result.  

 

The accuracy result for each method was listed in Table 4.1. When using the input 

image as a full image, the accuracy of low, neutral, happy was 46.15%, 93.49%, and 0.67%, 

which made a total accuracy of 90.65%. When using the input image as a cropped images 

by Face recognition method, the accuracy was low (70.00%), neutral (72.34%), happy 

(15.43%), and total accuracy of 70.29%. When using the input image as a cropped images 

by Deep face method, the accuracy was low (61.54%), neutral (48.63%), happy (59.60%), 

and 40.97% for the total accuracy. This result showed that the accuracy varies depending on 

the face crop method. Full image had the highest accuracy, so the face crop did not help 

improve classification performance. 

 

Table 4.1: Accuracy result for each method 
Feature Low Neutral Happy Total accuracy 

Full image 46.15 93.49 0.67 90.65 

Face_recognition crop 70.00 72.34 15.43 70.29 

Deepface crop 61.54 48.63 59.6 40.97 

 

4.3 Driver’s Forward Gaze Classification using Emotional State 

Information 

In this phase, it is examined to determine whether the driver's emotional state information 

could help the driver's forward gaze classification. During training, the input vectors are 

composed of output vector of image-based network (ResNet-18) and the output vector of the 

emotional state labels (ground truth) network features (MLP). Both vectors are concatenated 

as the input for fully-connected layers and jointly learn the entire network for FER tasks. 
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This method showed experimental results with 78.4% accuracy. Train losses 

continued to decrease, and the validation accuracy gradually increased and decreased after 

30 epochs. And the highest accuracy (78.4%) was lower than that of an image-based network 

accuracy (80.2%). Based on the result, it was analyzed that emotional status information 

adversely affected training process because of the severe class-imbalance problem of dataset. 

 

 
Figure 4.3: Train loss result of the classification of driver’s forward gaze using deep 

learning-based emotional state information. The training loss continues to decrease. 

 

 
Figure 4.4: Validation accuracy result of the classification of driver’s forward gaze using 

deep learning-based emotional state information. The validation accuracy gradually 

increases and decreases after 30 epochs. 
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 The cross-validation check was performed by dividing 5 people into 6 groups. 

Other than S1 (Participant’s given number), it was confirmed that high accuracy was 

obtained. In the case of S1, the accuracy was relatively low due to the small amount of 

forward-gaze data. The result showed that Accuracy as 83-91% and F1 score as 70-75%, so 

there was no significant difference in cross-validation conclusion. 

 

 
Figure 4.5 Cross-validation result 
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Chapter 5 

 

Discussion 

 

 

5.1 Findings and Interpretations 

5.1.1 Driver’s Emotional State Information on Driver’s Gaze Classification   

The result showed that the driver’s emotional state information was not very helpful in the 

driver’s forward-gaze classification as the combined training’s highest accuracy (78.4%) was 

lower than that of an image-based network (Resnet-18) accuracy (80.2%).  This could be due 

to class imbalance problems with lack of low and happy emotional state datasets. Below 

Figure 5.1 diagram shows the proportion of low, neutral, happy in emotional state image 

datasets. 

 

 
Figure 5.1 Proportion of emotional state image data 
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 According to the experiment result, the first question of the study, “Will the driver's 

emotional state information can let us predict the driver's gaze behavior such as whether the 

driver is constantly gazing-forward while driving?” could be answered accordingly. Deep 

learning models are sensitive to the distribution of the training dataset when training. Evenly 

distributed datasets are classified well in deep learning but like in the case of unbalanced 

emotional state datasets where neutral emotional state data is dominant and happy/low 

emotional state data is relatively small, it is difficult to train a model. This is because the AI 

algorithm learns the distribution of the training data. If there is very little data on angry 

emotional state data in the given dataset and it is not mainly forward-gaze, it can be easily 

classified as non-forward-gaze by training some specific angry emotional characteristics 

such as driver’s frown on the forehead.  

 

 Thus, the result can be improved with more segmented driver’s emotional state 

annotation labels. It is recommended to subdivide 3 categories (low, neutral, happy) into 8 

categories like DMUE model (disgust, anger, contempt, neutral, sad, fear, happy, and 

surprise). Also, the number of datasets is very limited especially in low and happy emotional 

state data. For better training result, a dataset of at least 10 times more is required.  

 

5.1.2 Facial Expression Recognition algorithms in Real Driving Setting 

To investigate whether the FER algorithms could work well in real driving environment, the 

experiment is conducted on the real driving road rather than driving simulator. The purpose 

of it is to see its performance on real driving facial expression dataset and find any human-

centered design improvements in Human-AI interaction from an ergonomic point of view. 

Findings would be dedicated to the improvement of FRE algorithms or driver’s facial 

expression detection systems in autonomous vehicle.  

 

 One of the research questions is that “Will the facial expression recognition (FER) 

algorithms work well in real driving setting?” From the deep learning analysis, driver’s 
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emotional state classification and forward-gaze classification accuracy rate is obtained. 

According to the experiment result, driver’s forward-gaze classification accuracy is 80.2% 

and driver’s emotional state classification accuracy is 90.6%. Among inaccurate emotional 

state classification, there are some findings for design improvements in Human-AI 

interaction from an ergonomic point of view. 

 

 It is found that the FER algorithm did not properly classify emotions in the images 

of the driver putting his hand on his face (Fig. 5.2). Particularly, it was confirmed that many 

emotion classification errors occurred in the images in which the driver's eyes were closed 

(Fig. 5.3).  Also, comparing to subjective annotation values based on the driver's use of fine 

facial muscles such as raising or lowering the corners of the mouth, the FER algorithm failed 

to catch the driver's use of fine facial muscles. (Fig. 5.4).  

 

 
Figure 5.2: A driver putting his hand on his face 
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Figure 5.3: A driver's eyes are closed 

 

 
Figure 5.4: A driver uses his fine facial muscles 

 

5.1.3 Human Factors Related Challenges from Facial Expression Dataset  

The experiment result implicates potential problems of facial expression detection 

in a real driving setting. Common challenges for facial expression detection in real driving 

settings include volatile illumination conditions, occlusion, and varying viewpoints. The 

facial expression dataset collected from this experiment incorporates instances of these 

challenges. 
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The crucial challenge of facial expression dataset was gaze estimation [40]. Since it 

was not a simulator-based experiment, the camera was not calibrated, and the location of the 

camera was different for each driver. So, it was not able to estimate driver’s gaze behavior 

based on angle of yaw and pitch. Camera position and relative distance to the driver were 

neither not provided for each driver, so there was ambiguity on predicting gaze behavior. 

Previous studies have found that gaze estimation errors occurred more frequently with 

dataset without calibration (Fig. 5.5). For overcoming the challenges of facial expression 

detection problems in real driving setting, camera calibration and a projector installation are 

necessary (Fig. 5.6). 

 

 
Figure 5.5: Gaze estimation errors on dataset with/without calibration 

 

 
Figure 5.6: Camera calibration examples 
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Though the dataset has several challenges and problems, it has still lots of potential 

as there are very limited number of facial expression datasets are publicly available. Until 

now, there are 20 reviewed facial expression dataset is available for facial expression-based 

emotion recognition. (Appendix B) The dataset from this study has high possibility of 

acceptance as a public facial expression data for FER algorithm use. That means it could 

dedicate future study and development of designated field.   

 

To overcome several challenges found in this facial expression detection dataset, 

several experiment design solutions are suggested. Since the camera was not calibrated in 

this experiment, the position of the camera was slightly different for each driver. For example, 

one picture showed that the driver's eyes were accurately gazing forward, whereas another 

image taken from a different angle made it ambiguous where the driver was gazing. 1) 

Camera calibration settings could increase the quality of data and eased the ambiguity [47].  

2) Dynamic context of real driving environment might improve the quality of emotional state 

dataset. In this study, facial expression dataset was collected in a mundane road driving 

situation, which rarely aroused strong emotional changes to drivers. 97% of collected facial 

expression dataset was neutral in an emotional state. Drivers’ emotions could differ in 

dynamic driving environment situations and such situations could be made with bad road 

conditions, heavy traffic, personal life events, and interaction between drivers and in-vehicle 

systems [4]. If more experimental contexts are added in the experiment, more diverse facial 

expression datasets will be collected.  
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Chapter 6 

 

Conclusion 
This study intends to investigate whether driver's emotional state information can help the 

driver’s forward-gaze classification in deep learning approach using facial expression dataset 

achieved from real driving setting. Since there has been a lack of empirical studies in a real 

driving setting, this study is significant in providing a better understanding of driver’s 

emotion and gaze behaviors while driving. Also, the facial expression dataset from real 

driving setting experiment has high value and potential as a public dataset for FER algorithm 

use; it could dedicate future study in human-AI interaction in HAV fields.  

 

Summing up the experiment result, the study reveals that the driver’s emotional 

state information is not very helpful in classifying the driver’s forward gaze. This result is 

due to a severe imbalance problem of emotional state dataset. In addition, it is represented 

that the FER algorithm did not properly classify driver’s emotional state when the driver is 

putting his hand on face, closing his eyes, and using his fine facial muscles such as raising 

or lowering the corners of the mouth. In those conditions, the FER algorithm is likely to fail 

to detect and classify emotional state. To relieve the data imbalance problem and reduce 

classification errors, 4 design recommendations can be drawn from this study. 

 

• Segmented annotations to emotional state data should be provided. 

• Camera calibration setting for accurate real driving facial expression detection is 

required. 

• Dynamic driving contexts and road conditions are recommended. 

• Improved FER algorithms focused on fine facial muscles movement is necessary. 
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The above 4 recommendations should be considered carefully for real driving 

experiment on the purpose of investigating driver emotions, movements, and gaze behaviors.   

Based on the experimental results, this study can contribute to providing experiment design 

recommendation and guidelines for future Human-vehicle interaction (HVI), Human-AI 

interaction (HAI), and autonomous vehicle research. Moreover, this study has its uniqueness 

of conducting experiment in real driving setting and provided new insight on driver’s 

emotion and gaze behaviors with facial expression dataset. Lastly, it has revealed that driver’s 

emotional state data rarely helps the driver’s forward-gaze classification. However, it is 

expected that the results would be improved through better emotional state data segmentation. 
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Appendices 

 
A Subjective annotation labeling task criterion
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B The summary of reviewed publicly available datasets for 

facial expression-based emotion recognition  
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국문초록 

 

 
본 논문에서는 실제 운전 실험에서 얻은 얼굴 표정 데이터 세트를 기반으로 운전자 행동 

연구를 수행한다. 실제 운전 실험에서 얻은 운전자의 표정 데이터 세트에 표정 인식 모델 

(Facial expression recognition) 을 적용하여 성능을 조사한다. 또한 딥 러닝 (Deep learning) 

접근을 통해 운전자의 감정 상태 정보가 운전자의 전방 주시 분류에 도움이 되는지 

조사한다. 실험 결과, 운전자의 감정 상태 정보는 운전자의 전방 주시 예측에 거의 도움이 

되지 않는 것으로 나타났다. 후속 연구에서 딥러닝 기반 분류, 예측 성능을 높이고 표정 

데이터 중 감정 상태 데이터의 불균형을 개선하기 위한 해결책을 제시하였다. 또한 실제 

운전 실험 환경의 인간공학적 설계 문제를 발견하고 인간공학적 관점의 실험 설계 개선 

방안을 제안하였다. 이 연구는 운전자 행동 연구, 차량용 인포테인먼트 (In-vehicle-

infotainment) 및 인간-자동차 상호 작용 기능에 이르기까지 여러 잠재성을 가지고 있다. 

실험 결과는 자율주행 자동차의 운전자 감정, 행동, 전방 주시 감지 연구에 새로운 

시사점을 제공할 것이다. 또한, 실제 운전 실험에서 얻은 운전자의 얼굴 표정 데이터 

세트는 미래의 FER 연구 및 자율 주행 차량 분야에 학술적 자원으로서 기여될 것이다. 

 

 

주요어: 운전자 감정 및 행동, 얼굴 표정 인식, 딥 러닝 

학번: 2020-23658 
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