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Abstract

:

Drivers’ behavioral intentions can affect traffic safety, vehicle energy use, and gas emission. Drivers’ emotions play an important role in intention generation and decision making. Determining the emergence characteristics of driver intentions influenced by different emotions is essential for driver intention recognition. This study focuses on developing a driver’s intention emergence model with the involvement of driving emotion on two-lane urban roads. Driver emotions were generated using various ways, including visual stimuli (video and picture), material incentives, and spiritual rewards. Real and virtual driving experiments were conducted to collect the multi-source dynamic data of human–vehicle–environment. The driver intention emergence model was constructed based on an artificial neural network, to identify the influences of drivers’ emotions on intention, as well as the evolution characteristics of drivers’ intentions in different emotions. The results show that the proposed model can make accurate predictions on driver intention emergence. The findings of this study can be used to improve drivers’ behavior, in order to create more efficient and safe driving. It can also provide a theoretical foundation for the development of an active safety system for vehicles and an intelligent driving command system.
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1. Introduction


Drivers’ behavioral intentions could have a significant effect on traffic safety, fuel use, and gas emission. Drivers’ intentions are closely related to their emotions while operating a vehicle. For example, when complimented by friends or passengers in the car, a young driver might feel complacent, leading to dramatic accelerating and frequent lane changing. These driving behaviors increase crash risk, fuel consumption, and exhaust emission. Driving emotion can be considered as a reaction to the surrounding environment, which can affect a driver’s cognition and judgment, and also a driver’s intention [1]. Therefore, it is necessary to reveal the mechanism of effect of emotion on intention to improve their behaviors, in order to encourage more efficient and safe driving patterns.



In recent years, research on emotion–intention interaction has mainly focused on sports, shopping consumption, environmental protection, moral education, and so on. For example, Mohiyeddini et al. [2] evaluated sport intention identification models, and found that the intention recognition performance can be enhanced by considering emotional factors. Chen et al. [3] used the structural equation model to identify the effects of nostalgia on consumption intention in restaurants. The results showed that the consumption intention is directly or indirectly influenced by nostalgia, and the influence varies from person to person. Ladhari et al. [4] recognized customer purchase intentions according to their perceptions of service quality and emotional responses to receiving services. The results showed that service quality and environment have a strong influence on customers’ emotional satisfaction. Higher emotional satisfaction results in greater purchase probability. Harth et al. [5] examined the influence of three emotions of guilt, pride, and anger on the environmental intentions. The result revealed that guilt makes people more prone to produce the intention to reconstruct the environment, anger makes people more prone to produce the intention to punish the environmental destroyer, and pride makes people more prone to produce the intention to protect the environment. Yang et al. [6] analyzed the relationship among visitors’ behavior intention at festivals, consumption emotion and perceived value, as well as the moderating effect of the festival environment on the influence of tourists’ consumption emotion on behavioral intention. Chen et al. [7] used the clinical interview method to explore the influences of various situations on moral judgment and emotion attribution in children.



Only a few works thus far demonstrate approaches in driver intention prediction. Lethaus et al. [8] compared several supervised learning algorithms to infer driver intention according to eye movement data. Helman et al. [9] discussed the changes in self-reported behavioral intentions between the pre-license learning stage and the post-license driving period. Waddell et al. [10] used the theory of planned behavior and extended descriptive norms to investigate the psychosocial influence on driver’s intentions. Auzoult et al. [11] used a questionnaire to examine drivers’ behavioral intentions related to speeding and drinking. Wang et al. [12] proposed a conflict point method to analyze the impact of bicycles on driving behavior in a mixed traffic environment.



In conclusion, the effects of human emotion on behavior and intention have been widely explored in different research fields. However, research on the influence mechanism of a driver’s emotion on intention still remains largely unexplored in the field of safety and efficiency of urban traffic [11,12,13,14]. In this study, we developed a driver intention evolution model to identify the emergence characteristics of drivers’ intentions in different types of emotions. The real and virtual driving experiments were carried out under the conditions of different driver emotions to collect the multi-source data on the human–vehicle–environment dynamic.




2. Materials and Methods


2.1. Analysis of Vehicle Group Relationship


The vehicle group is composed of dynamic traffic entities, which can construct specific traffic scenes for driving experiments. To explore the impacts of a driver’s emotion states on driving intention in diverse traffic situations, various scenarios of vehicle group were defined, shown in Figure 1. When the target vehicle was operated by the subject in the right lane, the interest-sensitive area was divided into front, left-front, left-rear, and rear according to the horizontal line of the target vehicle’s front bumper and the line separating the two lanes in the same direction. The interest-sensitive area is described as the area with the greatest impact on vehicle safety and driver attention. When the target vehicle was operated in the left lane, the interest-sensitive area was divided into front, right-front, right-rear, and rear sides [15,16,17].



The concept of “force” was borrowed to describe the effect of the magnitude and direction of the neighboring vehicles on the target vehicle [15,16]. Six determinants were used for analysis in the interest-sensitive area, namely gender, driving experience, determination, propensity, and relative distances and relative speeds between target vehicle and surrounding vehicles [16,17,18,19]. In addition, based on a group of “forces” on vehicles, the fuzzy logic method was used to abstractly represent the vehicle group relationship. If a vehicle pushed the target vehicle to leave the current lane, it could be considered that the vehicle exerted a “repulsive force” on the target vehicle. The opposite situation was considered as an “attraction force”. Ultimately, eight vehicle group situations were obtained, shown in Figure 2. The eight vehicle group situations are denoted as T1–T8, and the attraction and repulsion forces were denoted by “+” and “−”, respectively [16].




2.2. Driver Intention Analysis Model in Different Emotions—Learning Algorithm of Three-Layer Feedforward Neural Networks


Neural networks are multi-layer networks of neurons [20]. For a basic neuron model, the input is     x i   (  i = 1 , 2 , … , n  )   , and the output is    y  . Then,    y = f  (   ∑  i = 1  n   ω i   x i  −  θ i   )   , where    ω i    represents the connection weight of the current neuron and the previous neuron, and    θ i    represents the threshold [21].



Figure 3 shows the structural diagram of three-layer feedforward neural network [21]. This network is composed of one input layer, one hidden layer, and one output layer.    w  i j      stands for the connection weight of input and hide layers, and    w  j k      stands for the connection weight of hide and output layers. The sigmoid function is used to perform a transform in neural networks, and its expression is    ( u )  =  1  1 +  e  − u      . In this study, the back-propagation algorithm (B-P algorithm) is used for the learning of the three-layer forward neural network model. A set of training samples is given, each of which contains inputs and expected outputs. When all the actual outputs are the same as the expected outputs, the training ends. Otherwise, by correcting the weight value, the expected outputs match with the actual outputs [21].




2.3. Application of Forward Neural Network on Driver’s Intention


The neural network model has been considered as an efficient tool for forecasting driver behavior and travel demand [22,23]. In this study, driver emotion and vehicle group are used as input parameters of the neural network, and the probability of driver intention with emotion is taken as output. According to the revised PAD Emotional Scale model developed by the Chinese Academy of Sciences, driver emotion is expressed in 3 dimensions: pleasure (P), arousal (A), and dominance (D) [24]. The vehicle group relationship is expressed by the “forces” exerted on the target vehicle from the surrounding vehicles in the interest-sensitive area of the two lanes. The weight values are adjusted by the three-layer feedforward neural networks, and the three-layer forward neural network model is trained based on the B-P algorithm. The expected output of driver intention probability in the learning process is obtained by statistical analysis of the experimental data, and the learning process is shown in Figure 4.





3. Experimental Design


The driving experiments in this study include real and virtual driving. The real driving experiments can collect more reliable data on a driver’s behavior and emotion in real traffic situations. However, performing an experiment in a real traffic environment is expensive, time-consuming, and less safe. The virtual driving experiment was used as a substitute for real vehicle experiments, due to its low cost, reproducibility, and safety. Road Builder and UC-win/Road software were applied in the high-fidelity driving simulator to create a realistic 3D traffic environment platform, based on the road attributes, traffic volume, and other parameters of the field driving experiments. The selected driving experiment route was a straight line with a total length of 4700 m, shown in Figure 5.



Seven kinds of driver intentions were analyzed in this study: going straight at a constant speed (I1), going straight with acceleration (I2), going straight with deceleration (I3), lane changing at a constant speed (I4), lane changing with acceleration (I5), lane changing with deceleration (I6), and stopping (I7). Eight types of common emotions were included: fear, helplessness, relief, pleasure, surprise, anxiety, contempt, and anger. It should be noted that driver intentions were selected by analyzing the vehicle driving status in a two-lane environment. Driver emotions were selected based on the emotion classification proposed by Johnston [24]. This classification approach for emotional responses is widely accepted. Johnston suggested that we have eight basic emotions, and all other emotions are made up by combining these basic emotions. Drivers mostly experience these fundamental emotions in driving environments. The experimental design is shown in Table 1.



Participants’ personal information and driving-related information were collected before starting the experiment, including age, gender, propensity, vehicle mileage traveled, and driving style. Participants were told about the completed experimental procedure, and were asked to learn how to manipulate the experimental vehicle. The International Affective Picture System (IAPS) and the Chinese Affective Picture System (CAPS) were used as emotional induction materials (A few emotional pictures were shown in Figure 6). Before running each driving experiment, the subject’s emotion was induced to a certain level of arousal in the lab. Only one subject was involved at a time, under the supervision of two researchers. In the first few minutes, the subject was asked to listen relaxing music and watch images of non-threatening animals, to place him/her in a neutral mood. Then, the subject’s emotions were stimulated using various approaches, including watching static images or videos, listening to certain music, autobiographical recall, and situational procedures. When the subject’s emotion was induced to a certain arousal level or above, the driving experiment began. In the process of the driving experiment, the relevant music was played or an odor was released to maintain and raise the level of emotional arousal (shown in Table 1). During the experiment, the driver’s facial expression and action, road conditions, driving speed, and pedal strength were recorded in real time with the video monitoring system, speedometer, and pedal dynamics instrument. When the driving experiments were completed, participants were asked to watch the recorded video, and describe their emotional states in the experiments. The equipment used in the real driving experiment and the virtual drivng experiment are illustrated in Figure 7 and Figure 8.




4. Results


In total, 1000 groups of effective data for each driving intention were selected to train the neural network. The error threshold of neural network learning was set as 10−10, and the number of learning cycles was 1000. In the process of model learning, the sigmoid function was used to transform a neuron into an output, and there was one node in the output layer. The error curves of driver intentions in the learning process are shown in Figure 9. The horizontal axis shows the number of learning cycles, and the vertical axis shows the error value. It was observed that after running approximately 250 learning cycles, the error of each driving intention fell below the threshold value (10−10).



Apart from the data for training the neural network, the remaining were used as testing samples. A total of 7000 groups of effective data were used for the testing samples to assess the effectiveness of the model (1000 sets for each driving intention). The model outputs were compared to the experimental results for each driving intention. As shown in Figure 10, the model can achieve over 75% accuracy.



The error curves of neural network in the testing process are shown in Figure 11. The ordinate shows the test error value, and the abscissa shows the number of cycles. When the actual error reaches 1.14781 × 10−11 (below the threshold value 10−10), the test is terminated.



Comparing Figure 9, Figure 11, it can be seen that at least 200 cycles are required to achieve the desired accuracy in the learning process, while less than 80 cycles are required during the testing process. This is because the training process makes the structure of the neural network more stable, so the test error can quickly fall below the threshold. To sum up, the developed model for predicting a driver’s intention emergence characteristics can achieve accurate results.




5. Discussion


There are significant differences in the characteristics of driver intention emergence under different emotions. In this paper, vehicle groups T1, T3, and T5 were used as examples to illustrate the probabilities of a driver’s intention in different emotional states, shown in Figure 12, Figure 13, and Figure 14. The numbers of 1, 2, 3, 4, 5, 6, 7, and 8 on the x-axis represent the emotions of fear, helplessness, relief, pleasure, surprise, anxiety, contempt, and anger, respectively. The y-axis represents the probability of driver intentions.



It was found that for the same vehicle group, the probabilities of driver intention evolution in different emotional states are different. For different vehicle groups, the probabilities of driver intention evolution in the same emotion are also significantly different.



	
In the state of fear, drivers tend to be more conservative in their behavioral decision-making. Drivers commonly travel at a slow speed and keep a large distance from surrounding vehicles. For example, the intention probability of going-straight with deceleration is 0.828 in the vehicle group T3. This suggests that although the traffic volume is low and the risk is low, drivers still choose to move forward at a low speed.



	
In the state of helplessness, drivers are more likely to suffer from loneliness and lack of dependence. Drivers tend to move forward at a low speed and keep a large distance from surrounding vehicles to ensure safe driving. For example, in the vehicle group T5, the intention probability of going straight with deceleration is 0.468. This implies that drivers attempt to keep a safe distance from the vehicle in front by frequently decelerating.



	
In the states of relief and pleasure, drivers experience low mood fluctuation. Drivers could remain stable and adhere to rational decision making. For example, in the vehicle group T1, the intention probabilities of going straight with a constant speed are 0.786 and 0.576 in relief and pleasure states, respectively.



	
In the state of surprise, drivers have a strong desire to explore the unknown. Therefore, drivers are apt to involve high-frequency acceleration, deceleration, and lane changing in their driving. For example, in the vehicle group T5, the intention probabilities of lane changing with acceleration and lane changing with deceleration are 0.654 and 0.572, respectively.



	
In the state of anxiety, drivers experience inner emotional conflicts which cause muscle tension and restlessness. Therefore, during driving, drivers are prone to accelerate or decelerate frequently to change the surrounding traffic situation. For example, in the vehicle group T5, the intention probabilities of lane changing with acceleration and lane changing with deceleration are 0.446 and 0.455, respectively.



	
In the state of contempt, drivers are more likely to feel superior and condescending to others. Therefore, drivers tend to seek high-speed excitement and make frequent lane changes, even in dangerous traffic situations. For example, in the vehicle group T1, the intention probability of lane changing with acceleration is 0.722.



	
In the state of anger, drivers usually become involved in high-speed traveling, and keep a small following distance. Drivers are more likely to present aggressive behaviors, such as changing lanes with acceleration. For example, in the vehicle group T5, the intention probability of lane changing with acceleration is 0.853.







6. Conclusions


This study identified driver intention emergence characteristics by analyzing driver intention probabilities in different emotions, based on the multi-source data of the human–vehicle–environment dynamic on a two-lane road. The generation mechanism of a driver’s intention was analyzed considering the driver’s mental state and driving environment. Moreover, a driver intention emergence model with emotion was developed using a three-layer feedforward neural network. The results showed that for the same vehicle group, the probabilities of driver intentions in different emotional states are significantly different. For different vehicle groups, the probabilities of driver intentions in the same emotion are also significantly different.



The findings of this study can be used to improve drivers’ behaviors in order to encourage more efficient, safe driving and fuel savings. It can also be used to develop intelligent human–machine interactions in vehicles. Specifically, this would be practically realized by an advanced driver-assist system using the developed model in this study to correctly predict drivers’ behavioral intentions. The system would consist of a set of equipment with LIDAR, ultrasonic, cameras, global navigation satellite system, and noncontact physiological sensors. It could collect and process the real-time driver–vehicle–environment data, including drivers’ physiological signals, emotional states, driving manipulation, and vehicle group. Further studies are required to increase the effectiveness of the driver intention emergence model through considering more factors such as drivers’ temperament, occupation, health status, and other factors related to driving.
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Figure 1. Vehicle groups in a two-lane environment. 
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Figure 2. Vehicle group relationship when the target vehicle locates in the left and right lanes. 
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Figure 3. Structural diagram of three-layer feedforward neural network. 
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Figure 4. Neural network model for analyzing driver intention emergence characteristics. 
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Figure 5. Real driving experiment route. 
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Figure 6. Parts of driver emotion visual stimulus material. (Source: International Affective Picture System & Chinese Affective Picture System). 
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Figure 7. Virtual driving experiment (from Wang et al. [16]). 
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Figure 8. Real driving experiment (from Wang et al. [16]). 
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Figure 9. Error curves of driver intentions in the learning process. 
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Figure 10. Comparison of algorithm results and experimental results. 
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Figure 11. Error curves of driver intentions in the testing process. 
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Figure 12. Probability of driver intentions in different emotional states in vehicle group T1. 
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Figure 13. Probability of driver intentions in different emotional states in vehicle group T3. 
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Figure 14. Probability of driver intentions in different emotional states in vehicle group T5. 
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Table 1. Experimental design.
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Items

	
Real Driving Experiment

	
Virtual Driving Experiment






	
Experimental materials

	
Psychometric questionnaire of driver’s propensity [15,16], psychometric questionnaire of willpower [25], International Affective Picture System (IAPS), Chinese Affective Picture System (CAPS)




	
Experimental equipment

	
Human factor engineering experiment system, GPS high-precision positioning system, 32-Wire LiDAR, SG299GPS Non-contact multi-function speedometer, Video-capturing system, etc.

	
Interactive Parallel Driving Virtual Experiment Platform, Human factor engineering experiment system, Video-capturing system.




	
Experimental

condition

	
Off-peak periods of sunny days and appropriate road conditions

	
Virtual driving laboratory




	
Route

	
Zhangzhou road between Jiangmeng road and Shanshen line in Zhangdian District of Zibo city, Shandong province (shown in Figure 5).

	
Road scene edited by Interactive Parallel Driving Virtual Experiment Platform according to the real driving experiment route.




	
Subjects

	
Fifty-four drivers, 27 males and 27 females, were selected to take part in the experiments. Their ages ranged between 18 and 70 years. The average age was 33.5 years old. The average driving mileage was 12,000 km.




	
Emotion induction

	
Driver’s emotions were stimulated with pictures, video, audio, and other materials in IAPS and CAPS (Some of the emotional materials were shown in Figure 6). Different method combinations were used to evoke different emotions in the experimental scenes [26].




	
Angry emotion was stimulated by using abusive and offensive words. Surprise emotion was stimulated by telling the world Trolltech event, releasing the scent of peppermint, and watching the images of surprised faces. Fear emotion was stimulated by telling horror stories or watching videos of terrorist traffic accidents, and recalling scary experiences. Helplessness was induced by watching film clips of desperation and helplessness, and writing about cases from his/her past when he/she experienced stress. Anxiety and contempt emotions were stimulated by speech induction, psychological hints, etc. Relief emotion was stimulated by sharing happy experiences. Pleasure emotion was stimulated by talking, giving some gifts, smiling, singing, or reading beautiful poems.

	
Besides the above-mentioned approaches, a few traffic scenes were designed for the virtual driving experiment. Fear, anxiety, and anger were stimulated with traffic scenes, such as a traffic accident, honking horn suddenly, waiting for a long time in intersections, or crowded vehicle roads, in on the Interactive Parallel Driving Virtual Experiment Platform. Surprise emotion was stimulated through changing the weather and environment in the virtual scenes. Relief and pleasure emotions were stimulated through setting a comfortable traffic environment (such as Green Wave). Contempt emotion was stimulated using race driving scenes.




	
Keeping and increasing emotional level

	
The driver’s emotional level was kept and increased through multiple ways of listening to the music, communicating, recalling memories, etc., during driving.




	
Assessing the level of the induced emotions

	
Before and after the driving experiment, each driver was asked to evaluate his/her own emotional levels. A driver’s physiological signals of electrocardiography (ECG), electrodermal activity (EDA), and skin temperature (SKT) were collected using PsyLAB during driving. The physiological signals were used as auxiliary to assess emotional levels, through the method developed by Platt [27].
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