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Abstract. 
Rear-end accidents are the most common accident type at signalized intersections because of the different driving tendencies in the dilemma zone (DZ), where drivers are faced with indecisiveness of making “stop or go” decisions at yellow onset. In various researches, the number of vehicles in the DZ has been used as a safety indicator—the more the vehicles in the DZ, the higher the probability of rear-end accidents. However, the DZ-associated rear-end accident potential varies depending on drivers’ driving tendencies and the situations (position and speed) at the yellow onset. This study’s primary objective is to explore how the driving tendency impacts the DZ distribution and the probability of rear-end accidents. To achieve this, three types of driving tendencies were classified using K-means clustering analysis based on driving variables. Further, the boundary of the DZ is determined by logistic regression model of drivers’ stop/go decision. Then, we proposed the conditional probability model of rear-end accidents and developed a Monte Carlo simulation framework to calculate the model. The results indicate that the rear-end accident probability is dependent on the driving tendency even at the same position with the same speed in the DZ. The aggressive type has the highest risk probability followed by conservative and then the normal types. The quantitative results of the study can provide the basis for rear-end accident assessments.

1. Introduction
Rear-end accidents are common at signalized intersections in China. Besides driver errors, indecisiveness in the dilemma zone (DZ) at signalized intersections is a leading cause of such accidents [1]. To assist drivers with their decision making during the critical phase transition interval, green signal countdown devices (GSCDs) display the remaining seconds of the current signal status through synchronizing with the traffic signal controller. This provides drivers with information on the current phase’s termination in advance. GSCD installation may improve the utilization of the amber time and the capacity of intersection approach road. However, it may also easily evoke risky car-following behavior that results in a much higher incidence of rear-end accidents in the DZ during the flashing green and yellow intervals.
Although some negative effects of the GSCDs installation on intersection safety have been observed by some researchers [2, 3] and the view of scholars on this issue is inconsistent [4–8], most urban traffic managers in China are still inclined to install GSCDs. Such phenomenon is mainly due to China’s unique driving culture, local enforcement activities, and public perceptions. To reduce the probability of rear-end accidents, a new regulation of “solid yellow” was implemented at the beginning of 2013. The regulation stipulates that “drivers who had already entered the intersection could pass through it, but those who had not should stop”. When the yellow light is displayed, drivers who crossed stop line “violated yellow” would have six points (half of their 12-point limit) deducted if caught.
An issue is created when intersections do not have GSCDs (NGSCDs), as drivers do not know when the green light changes to the yellow light. When the lights change, if a driver is close to the stop line, they have to stop abruptly, which leads to a higher risk of rear-end accidents. Finally, the regulation and enforcement were forced to revise again after being implemented for a week that drivers should stop if they can stop safely when the signal turns to yellow; however, those who cross the stop line on the yellow light will not be punished [9].
The “solid yellow” regulation was only implemented for a week; however, the discussion it triggered is not over. The big issue of NGSCDs during the regulation’s implementation has made the public and urban traffic managers aware of the advantages of GSCDs, causing GSCDs to be increasingly used in many cities of China, such as Beijing, Shanghai, Guangzhou, Nanjing, Shijiazhuang, and Harbin [10].
We believe that some of the negative impact of GSCDs on the DZ may partially come from the effect of characteristics of drivers. Since the last decade, a growing number of Chinese people have obtained their own cars and licenses, which has directly resulted in an increase in the number of novice drivers in the population [11]. This has led to a growing difference in the various driver attributes (including age, gender, driving experience, and educational background), which adds to the definition of “heterogeneous traffic”. Heterogeneous traffic not only makes the distribution of DZ more discrete but also increases the uncertainty of drivers’ response to GSCDs, especially to the phase transition interval. Therefore, the risk of rear-end-collision at signalized intersection in China has significantly increased.
DZ can be divided into two categories: type I and type II [12]. Type I DZ was initially proposed by Gazis, Herman, and Maradudin [13] (GHM), who defined it as an area in which drivers can neither stop comfortably nor cross safely before the signal turns red.
As shown in Figure 1, when Xc>X0, the area between Xc and X0 is the dilemma zone (Xdz=Xc-X0); however, when XcX0, the zone is termed the option zone. In the option zone, drivers can either pass the intersection or slow down and stop at the stop line while the yellow signal is on or they can go. If the driver hesitates, it will lead to the emergence of the DZ. In fact, the boundaries of type I DZ are not fixed, and it will change depending on the driver’s speed on the yellow light’s onset [15–17]. In addition, some drivers use the yellow interval as an extension of the green light phase [18]. Roni Factor et al. [19] observed that Israeli drivers exhibit great variance in their reaction to the flashing green. May [20] concluded that some vehicles accelerated/decelerated heavily to escape the DZ. Liu et al. [21] observed that driver behaviors were considerably different from the theoretical assumptions. These studies imply that vehicles’ approaching speeds and drivers’ behaviors have a wide distribution and variations. A lack of capability to tackle the randomness in the driving behavior is the main disadvantage of the GHM model [1].
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(b)
Figure 1: Formation of the dilemma zone and option zone (source literature [14]).


If the concept of type I DZ is from the view of stopping and yellow light passing distances, then the concept of type II DZ is from the drivers’ choice of stopping, which Zegeer [22] defined as “an area where more than 10 percent and less than 90 percent of drivers would decide to stop when the yellow is presented”. According to this concept, the boundaries of type II DZ are determined from “distance from stop line” and “time to intersection” (TTI) [23–25], which change with the driving tendency. Fu [26] indicated in his doctoral dissertation that when there is no pedestrian on the crosswalk, type I DZ is included in type II DZ when the yellow signal is at three seconds or four seconds.
Estimating accident risk probabilities of the DZ is a key issue in the DZ protection systems. The traditional approach is to take the number of vehicles in the DZ as a risk measurement indicator of the DZ at yellow onset. This approach is based on the assumption that the number of vehicles in the DZ is equivalent to the corresponding accident risk probabilities of the DZ, regardless of where the vehicle is located. However, the accident risk probabilities of the DZ will change based on factors such as the location and speeds of vehicles, the drivers’ behavior, and the power and braking performance of the vehicles. Some scholars have been exploring this field from the perspective of transition interval phase [27], with or without DSCDs [28], driver behavior [21, 29], and the relationship among them [30].
Past studies made significant contribution to understand the impact of countdown timers, driver behavior, the phase transition interval (usually referred to as the yellow signal), and the boundaries of the DZ on the accident risk probabilities of the DZ. However, the following issues remain to be addressed:
(1) Previous studies only investigated the impact of GSCDs or NGSCDs concerning the stop/go decisions of drivers but neglected the different driving maneuvers (e.g., aggressive acceleration, abrupt stop, and headway) of different driving tendencies (aggressive, normal, and conservative) under the condition of GSCDs. As we know, with an increasing number of Chinese people obtaining their own cars and licenses, the diversity of drivers is also increasing. Differences in driving tendency add meaning to “heterogeneous traffic”, which increases the complexity of driving behavior in the DZ and results in serious rear-end accidents.
(2) Although GSCDs have been installed at many urban intersections in China, with the significantly diverse driving behavior and China’s fast-growing roadway system, more field studies are needed to enrich the dataset for developing regulations.
This paper is aimed at developing a model to quantify the risk probabilities of rear-end accidents under different driving tendencies during the phase transition interval. More specifically, the research objective includes the following tasks:  classifying drivers into three types (aggressive, normal, and conservative) based on their responses to phase transition interval;  proposing a comparison of the driving parameters (speeds, acceleration/deceleration, and headway) of the three driver types and fitting equation;  establishing the driver’s stop/go binary logistic probability model;  proposing a conditional probability model of rear-end accidents;  simulating the conditional probability model by Monte Carlo simulation. The research results can provide the basis for rear-end accident assessment.
2. Data Collection
2.1. Study Sites
We chose two urban signalized intersections as the experimental observation points, in Nanjing, China. The intersections were chosen because they are representative and have the same traffic flow patterns (97 percent of passenger cars and 3 percent of buses), the same signal phase (follow the same sequence of “steady green-flashing green (FG; 3s)-yellow (Y; 3s)-red”, and each intersection is not set all-red time, and the yellow light is the clearance time), and the same speed limit value (60km/h). For each intersection, one camera was set up on top of a roadside building to cover a studied approach road. The first studied approach is an eastbound approach along ZhongShan East Avenue (≈120 m); the second studied approach is an eastbound approach along HeXi Avenue (≈280 m). The video for each intersection approach was recorded from 8:00 a.m. to noon and 1:00 p.m. to 5:00 p.m. For each studied approach, over 150 hours of recorded video data were collected. The video recording process is shown in Figures 2(a) and 2(b).




	
	
		
			
		
		
			
		
			
		
			
		
			
		
		
			
		
			
		
		
		
		
		
		
			
		
		
			
		
			


(a) Camera’s position at the first intersection




	
	
		
			
		
		
			
		
		
		
		
		
			
		
		
			
		
			
		
			
		
		
			
		
		
			
		
			


(b) Camera’s position at the second intersection




	
	
		
			
		
	


(c) The extraction trajectory data with Tracker




	
	
		
			
		
	


(d) Transform coordinates with the imaging principle
Figure 2: Data collection and processing.


2.2. Trajectory Data Extraction
The extraction method of trajectory data involved two steps. Firstly, the Tracker Video Analysis and Modeling Tool were used to extract the vehicles’ coordinates in the video. Secondly, the imaging principle was used to match the coordinates in the video with the location in the real world.
Tracker [31] is a free video analysis and modeling tool built on the Open Source Physics (OSP) Java framework. It has manual and automated object tracking with position, velocity, and acceleration overlays and data. In this paper, Tracker was used for tracking and extracting the vehicles’ coordinates. First, we need to put the video into Tracker and then build a reference frame. Track points were set up on the right corner of the front windscreen and the sampling frequency was set to be five frames per second. As shown in Figure 2(c), Tracker can generate real-time coordinates and space-time diagrams of subject vehicles while producing three columns of data—time (t), x-coordinate, and y-coordinate—to record the coordinates of the subject vehicles. Second, the imaging principle was used to match the coordinates in the video to the real world location. We selected eight feature points (Figure 2(d)), where B, C, E, and G are the coordinate points and A, D, F, and H are the error-checking points.
In this study, we include only two-vehicle accidents or the collision of the first two vehicles in an accident involving more than two vehicles. Approximately 796 couples’ trajectory data was extracted. Then, the driving parameters were derived, such as the speed, the acceleration/deceleration, and the headways.
3. Data Analysis
3.1. Driving Tendency Classification
In previous studies, driving tendency classification is completed according to the comparison of drivers’ actual stop/go decisions with the expected stop/go decision [9, 21] which is based on the theoretical calculating value. For example, Ni [9] defined aggressive drivers as drivers who aggressively pass through the intersection during the yellow phase even though the distance from the stop line (D) is longer than X0 (the theoretical calculating value of the maximum distance a vehicle can pass the intersection at the highest driving efficiency before the red signal is shown). With this definition, one can exclude aggressive drivers who stop at the stop line using aggressive acceleration or abrupt braking during their driving. In addition, from Liu [21], it can be seen that there is a big difference between the theoretical values and field measured values. Therefore, we believe the data-driven method may be more realistic than the mechanism analysis method.
Therefore, in this paper, the K-means clustering analysis method was adopted to classify the type of driving tendency. The standardized score of variables (speed, entry times (for the last-to-go vehicles), headway (for car-following vehicles, headway time is less than 7s [32]) reaction time, the distance from the stop line, and acceleration/deceleration) as input variables for the classification of driving tendency. Results of driving tendency type proportions are 28.35% for conservative, 42.78% for normal, and 28.87% for aggressive ones. The final descriptive statistics are shown in Table 1.
Table 1: Statistical results of driving variable parameters of different driving tendencies.
	

	Driving tendencies	Variables	N	Min	Max	Mean	STD
	

	Aggressive	Distance from stop line (m)	220	24.34	69.79	41.1618	7.47832
	Speed (m/s)	220	10.11	18.48	13.3690	1.79014
	Acceleration/Deceleration (m/s2)	220	-4.16	1.40	-1.0895	1.66172
	Entry time1 (s)	131	2.64	5.22	3.5204	.57218
	Headway (s)	213	.67	2.99	1.7348	.58343
	Stop time2 (s)	89	4.10	6.01	4.8156	.43181
	Reaction time (s)	220	.32	1.31	.8276	.15027
	

	Normal	Distance from stop line (m)	352	19.97	67.49	36.3597	6.62826
	Speed (m/s)	352	5.27	18.53	12.6959	1.63167
	Acceleration/Deceleration (m/s2)	352	-2.64	4.24	-.5775	2.06079
	Entry time (s)	150	1.63	3.19	2.3965	.33242
	Headway (s)	296	.65	3.73	1.9953	.61555
	Stop time (s)	202	4.27	8.01	5.8085	.69168
	Reaction time (s)	352	.35	1.95	1.0744	.25885
	

	Conservative	Distance from stop line (m)	224	15.89	76.42	38.9934	11.93947
	Speed (m/s)	224	3.98	17.13	11.7563	1.76093
	Acceleration/Deceleration (m/s2)	224	-2.37	2.45	-.6588	1.02378
	Entry time (s)	116	1.62	3.28	2.4757	.29486
	Headway (s)	170	.98	3.99	2.0137	.59860
	Stop time (s)	108	5.59	12.10	8.5019	1.43955
	Reaction time (s)	224	.44	2.46	1.2434	.41100
	


Note: (1) Entry time refers to the time from flashing green onset to the time when the vehicle has just entered the intersection. (2) Stop time refers to the time from flashing green onset to the time when the vehicle stops at the stop line.


3.2. Driving Variables Analysis
3.2.1. Speeds
Vehicular speed refers to point speed with flashing green onset. The descriptive statistics of different driving tendencies are shown in Table 1, and all of them followed a normal distribution. K-independent sample test was used to determine whether vehicular speed comes from the same distribution of the population. The Kruskal-Wallis test showed 492.59 for the mean rank of the aggressive type, 410.21 for the mean rank of the normal type, and 287.69 for the mean rank of the conservative type, respectively. Test statistics show that asymptotic significance is 0.000, which revealed that speeds of different driving tendencies had significant differences. Additionally, the speeding rates of the aggressive, normal, and conservative type are 7.27%, 2.27%, and 0.45%, respectively, with a speed limit of 60km/h (16.67m/s).
3.2.2. Acceleration/Deceleration
Acceleration refers to the average acceleration of the last-to-go vehicle from the flashing green onset to entering the intersection. It can be calculated by the following equation: , where Xc denotes the distance between the last-to-go vehicle to the stop line; v represents the last-to-go vehicle’s speed (m/s); and t is the driving time of the last-to-go vehicle.
Deceleration refers to the average deceleration of the first-to-stop vehicle. It can be calculated by the following equation: , where v represents the first-to-go vehicle’s speed (m/s) and t is the time from brake light onset to the vehicle stopping. The EasyFit software was used to fit the distribution of the acceleration/deceleration to different driving tendencies. The results revealed that the acceleration/deceleration all follow normal distribution but have significant differences (for acceleration, Chi-Square=194.021, P<0001; for deceleration, Chi-Square=334.070, P<0001).
The distribution probability density is expressed as 
where  is continuous scale parameter ();  is continuous location parameter. The calibration of the parameters is as shown in Table 2.
Table 2: The calibration of the parameters.
	

	Driving tendencies	Acceleration	Deceleration	Headway
	Normal distribution	Normal distribution	Weibull (3p) distribution
							
	

	Aggressive	0.565	0.221	0.276	-3.019	2.193	1.357	0.534
	

	Normal	0.926	1.698	0.222	-2.267	2.584	1.640	0.542
	

	Conservative	0.946	0.052	0.291	-1.423	2.031	1.312	0.850
	



Headways. Headways were classified into several groups according to different speed ranges (from 0 to 70km/h, at 10km/h intervals) and the analysis of K-independent sample tests showed that headways had significant differences under the condition of different driving tendencies (Chi-Square=151.11, P<0001). By using EasyFit software, the results of the headways’ distribution under the condition of different driving tendencies revealed that the headways all followed Weibull (3P) distribution. The distribution probability density is expressed as 
where  is continuous shape parameter ();  is continuous scale parameter ();  is continuous location parameter ( yields the two-parameter Weibull distribution). The calibration of the parameters is as shown in Table 2.
3.3. Probability of Drivers’ Stop/Go Decision
To understand drivers’ decision during the phase transition interval and to determine the boundaries of type II DZ, a binary logistic regression was presented. Before the model coefficients were calibrated, the Pearson correlation coefficient formula was used to test the correlation of the variables to reduce the repetitive effect of the variables on the model. We found that the correlation coefficients between the speeds and headways are greater than 0.6, which belongs to strong correlation. Therefore, the headways variable is deleted. The model can be expressed as follows:
where  denotes the probability that a driver makes a go decision at yellow onset;  is the odds ratio of ; D is the distance from the stop line (m); V represents the speed of the vehicle (km/h); A/D denotes acceleration/deceleration (m/s2); E denotes the enter time (s); S denotes the stop time (s); CF denotes whether a vehicle is in a car-following situation (CF=1) or not (CF=0); T is a dummy variable and denotes the driving tendency of a driver, T=1 represents aggressive type, T=2 represents normal type, and T=3 represents conservative type; and  are estimated parameters. The results of independent variables significant test show that some explanatory variables, such as entry time, stop time, and car-following situation are not significant. Therefore, these variables were removed from the model.
The final logistic regression models of drivers’ stop/go decision can be presented by 
As shown in (4), the distance from the stop line and the driving tendency negatively affect a driver’s go decision. The farther the distance, the lower the aggressive tendency, as well as the probability of a driver making a stop decision. In contrast, speed and acceleration are positive factors, suggesting that for vehicles with higher speed or higher acceleration the drivers are more prone to make go decisions and cross the intersection.
3.4. Determining the DZ Boundary
According to (4), the logistic regression models of drivers’ stop/go decision can be transformed as 
Based on type II DZ, we know the upper boundary of the DZ is located where the vehicles have 90 percent probability of stopping and the lower boundary is at 10 percent. In addition, T is a dummy variable and denotes the driver’s driving tendency: T=1 represents aggressive type, T=2 represents normal type, and T=3 represents conservative type. Therefore, we can put , , and T (T=1 or T=2 or T=3) into (5) and the boundaries of the DZ will be calculated as follows:
① Under the condition of aggressive driving tendency
② Under the condition of normal driving tendency
③ Under the condition of conservative driving tendency
4. Method
As discussed, when the phase transition interval starts, drivers in DZ need to decide to “go” or “stop” at first and then take the appropriate action (such as selecting a perceived safe acceleration/deceleration rate). A rear-end accident is likely to occur when a leading vehicle makes a stop decision and decelerates and the target vehicle fails to stop in the available stopping distance (scene 1: P1 denotes the probability) or continues driving (scene 1: P2 denotes the probability).
4.1. Conditional Probability Model
Scene 1. According to Fu [26], rear-end collisions occur during the phase transition interval based on three premises: (1) the leading vehicle is in DZ; (2) the leading vehicle decides to stop and decelerates; and (3) the following vehicle fails to stop in the available stopping distance. Therefore, P1 can be estimated using 
 denotes the probability of a leading vehicle of being in the DZ;  denotes the probability that a leading vehicle decides to stop;  denotes the probability of deceleration di taken by the leading vehicle when it decides to stop; and  denotes the probability of the target vehicle failing to avoid collision under the condition that the leading vehicle decides to stop and decelerates.
In (12), we know . The estimation of others is as follows.
(1) To Estimate the Probability of the Leading Vehicle of Being in the DZ. When the distance between the leading vehicle and the target vehicle is less than the distance between the following vehicle and the lower boundary of the DZ, it indicates that the leading vehicle is in the DZ.
where vf is the target vehicle’s speed; th denotes the headway between the leading vehicle and the target vehicle; Df denotes the distance between the target vehicle and the stop line; and Dlower is the lower boundary of DZ. th follows the Weibull (3P) distribution (see Table 1). The probability that a leading vehicle is in the DZ under different driving tendency conditions is as follows:
① Under the condition of aggressive driving tendency
② Under the condition of normal driving tendency
③ Under the condition of conservative driving tendency
(2) To Estimate the Probability of the Target Vehicle Failing to Avoid a Collision. The relative positions of two adjacent vehicles before and after the leading vehicle brakes and the target vehicle responding accordingly are shown in Figure 3(a). The initial distance between the two vehicles is h0 and then the leading vehicle brakes and moves a distance of S1 in t seconds. Meanwhile, the following vehicle driver perceives, reacts, and moves a distance of S2. The final distance between the two vehicles becomes h. If h>0, it is safe; otherwise, a rear-end accident occurs.




	
	
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
			
		
		
		
		
		
		
		
		
			
		
		
			
		
		
			
		
		
			
		
		
			
		
		
			
		
		
			
		
		
		
		
		
		
		
		
			
		
		
			
		
		
			
		
		
			
		
		
			
		
		
			
		
		
		
		
		
		
		
		
		
		
		
		
		
		
		
			
		
		
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
		
		
			
		
		
		
			
		
		
		
			
		
		
		
			
		
		
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
	


(a) Relative position of two adjacent vehicles before and after braking




	
	
		
			
		
		
			
		
		
			
		
			
		
			
		
			
		
			
		
		
		
			
		
		
		
			
		
		
		
			
		
		
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
				
		
		
			
				
		
		
			
		


(b) Change process diagram of the deceleration rate of the target vehicle
Figure 3: The process of car-following.


When the leading vehicle brakes, the performance of the driver in the following vehicle consists of three successive components as shown in Figure 3(b): perception of the leading vehicle braking, the brake decision after the perception, and the action of braking. The first two components correspond to the driver’s reaction time (tr), set as 0.7s for the aggressive type, 0.9s for the normal type, and 1.1s for the conservative type, respectively. When a driver takes an action, it also takes time for the vehicle to reach its maximum deceleration and finally stop. This includes the brake system response (tb), which is set as 0.05s; the time needed to reach the maximum deceleration (tu), which is set as 0.2s; and the braking time until the following vehicle stops (tc).
In an interval t, the distance of the leading vehicle moves with a deceleration d1, which is expressed as
The distance moved by the following vehicle S2 is expressed as
Then, the final distance h between two adjacent vehicles is expressed as follows:
The maximum deceleration of d1 is determined by the product of the wheel-road adhesive coefficient (=0.8, when the road surface is dry) and gravity acceleration (g=9.8m/s2). Thus, .
Considering the worst situation, the critical deceleration of the leading vehicle is
The required minimum deceleration (dr) of the leading vehicle to stop safely before the red signal starts as 
where  is remaining time until red starts; D is the distance from the leading vehicle to the stop line.
Assume  to be the random variable of the leading vehicle decelerating and the deceleration is a continuous variable following a probability density function . , which denotes the probability that the target vehicle fails to avoid a collision under a certain deceleration of the leading vehicle.  if the leading vehicle’s deceleration exceeds dc; otherwise . Therefore, the conditional probability of failure to avoid a collision is expressed by 
Given the normal distribution of deceleration discussed previously, the probability of the target vehicle fails to avoid a collision under different driving tendency conditions as follows:
① Under the condition of aggressive driving tendency
② Under the condition of normal driving tendency
③ Under the condition of conservative driving tendency
Based on the previous work, the overall model for scene 1 can be written as follows:
Scene 2. The subject vehicle decides to cross the intersection while its leading vehicles decided to stop. Under this condition, the risk probability of a rear-end collision can be estimated using
where  denotes the probability of the following vehicle continuing to drive when the leading vehicle makes a stop decision and decelerates: .
The overall risk probability of a rear-end collision is shown in
4.2. Monte Carlo Simulation
Calculating the P value directly is complicated. Therefore, a Monte Carlo simulation approach has been adopted using MATLAB. The Monte Carlo simulation technique produces samples generated from given probability distributions [1]. The average of the output variable (rear-end collision probability in this paper) can be used as an estimator of system evaluation. Twenty thousand pairs of vehicles (leading vehicle and target vehicle) were simulated under the condition of different driving tendencies. Each simulation was randomly assigned a distance, a driving tendency type, a reaction time, an entering time, speed, and headway according to the following rules:(i)Distance from the stop line: The leading vehicle was randomly assigned a distance from 0 to 80m with 0.5m intervals and the target vehicle’s distance was set by adding the result of multiplying its current speed and headway to the leading vehicle’s distance.(ii)Speed: The vehicle’s speed was given according to the speed distribution under different driving tendencies (see Table 1). For the speed of the target vehicles, because of the influence from the leading vehicles, an adjusting factor following normal distribution N (0.9, 0.27) was adopted according to the statistical results of observed data.(iii)Headway: Headways followed Weibull (3P) distribution. The values of the parameters of the distribution are shown in Table 2.(iv)Acceleration/Deceleration: Acceleration/deceleration followed normal distribution. The maximum acceleration and deceleration are 4.8m/s2, -7.84m/s2, respectively.
5. Results
Estimation results of rear-end collision probability under different driving tendencies are shown in Figure 4.




	
	
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
		
		
		
		
		
		
			
		
			
	


(a) Probability of rear-end collisions at scene 1




	
	
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
		
		
		
			
		
			
		
		
		
	


(b) Probability of rear-end collisions at scene 2




	
	
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
			
		
		
		
		
		
		
		
			
		
			
	


(c) Total probability of rear-end collisions
Figure 4: Simulation results of rear-end collision probability.


It can be inferred from Figure 4(a) that rear-end collision probability has the lowest value near the stop line at yellow onset and rises as the distance from the stop line increases, which is common for each driving tendency. The difference lies in the following: (1) when aggressive drivers is approaching an intersection at green flashing onset, the rear-end collision potential in a zone of 20m~40m is well-matched with that of conservative drivers. However, if it is in the zone above 40m, the collision potential is lower than that of the conservative type; (2) the rear-end collision probability of the conservative type of driver increases sharply in a zone of 40m~70m; and (3) the rear-end collision probability of normal type of drivers always increases steadily, and it is always the lowest compared with the other two types. The rear-end collision probability for scene 2 is shown in Figure 4(b). In the cases, the rear-end collision probability for the aggressive type is the highest, followed by that of the conservative and normal driver type.
The total collision rear-end probability of different driving tendency is shown in Figure 4(c). We can see that the collision rear-end probability is different by different driving tendency even at the same location. Aggressive drivers, because of the shorter headway, higher speed, and aggressive acceleration or abrupt stops, have the highest rear-end collision probability during the transition interval; and conservative drivers, because of their lengthy reaction time and abrupt stop action from being overcautious, are no safer than normal drivers. In addition, we found that the DZ shifts towards the stop line (compare the zone where increases sharply) when the driving tendency changes from the aggressive type to the conservative type to the normal type. This indicates that the rear-end collision probability under each driving tendency does not totally correspond to the DZ distribution (see (6)~(11)).
6. Conclusions
The DZ problem is a leading cause for rear-end accidents at signalized intersections. In this paper, based on field observations and over 300 hours of recorded video data collection at two intersections and data analysis, we found that the collision rear-end probability is different even if a vehicle is at the same position with the same speed because the driver’s tendency is a key factor that cannot be ignored. To discover how the driving tendency impacts the DZ distribution and then impacts the probability of rear-end accidents, we proposed a conditional probability model of rear-end accidents and developed a Monte Carlo simulation framework to calculate the model. The conclusion that the aggressive type is the highest collision rear-end probability followed by the conservative and normal is drawn. However, to draw general conclusions, observations and data collection are needed for the different types of intersections with various geometric settings, traffic compositions, and signal timings.
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