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Abstract

:

Cycling can bring a wide range of social, economic, and health benefits to individuals and communities. The safety and efficiency of bicycle facilities can be significantly impacted by the interactions among riders. This study aims to examine the microscopic characteristics of how cyclists interact with each other when they are in a single file movement based on the trajectory data collected from an experiment. Reaction delay was obtained by optimizing the correlation between relative speed and acceleration curves for individual cyclists and it was found that even for a given cyclist, this characteristic time delay could vary considerably, and be situation-dependent. Furthermore, it was found that the distribution of reaction delay, which has an average (±SD) of 0.66 s (±0.33 s), followed a log-normal distribution. The strong correlation observed between relative speed and time-delayed acceleration resembles the behavior observed in car-following situations, highlighting that relative speed is an essential factor influencing the acceleration behavior of cyclists. Multiple linear regression models were used to understand the association between acceleration and other key microscopic variables, e.g., spacing and relative speed, which are commonly used in microscopic behavior models. While the spacing between cyclists was found to have a significant impact on acceleration behavior, its effect was not as significant as that of relative speed. The outcomes of this study provide valuable insights into the cyclists’ behavior and can aid in the development of microscopic simulation models.
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1. Introduction


Cycling has the potential to generate a diverse array of advantages for both individuals and communities, including benefits relating to social connections, economic growth, and physical well-being. Cycling can be considered as a cost-effective travel mode, particularly for short distance trips, which can save peoples’ money on fuel and parking costs. Bicycles, as well as other micromobility modes, can help to reduce traffic congestion by reducing the number of cars used for short distance trips [1,2,3,4]. Cycling is a low-impact form of exercise that can improve cardiovascular health [5]. Other health-related benefits include the reduction in local air pollution as a result of vehicle emissions, increase in physical activity, reduction in fatalities due to road crashes, reduction of stress, and promotion of mental health and well-being [6,7,8]. Overall, cycling can bring numerous benefits to individuals and communities, and can play an important role in promoting sustainable, healthy, and livable cities.



In addition to safety, the efficiency of bicycle infrastructure should also be evaluated in terms of traffic flow and capacity. Interactions between bicycle riders could largely influence the safety and efficiency of bicycle facilities. Microscopic simulation models could be used to investigate rider behavior; however, interactions between riders must be thoroughly studied in order to develop, calibrate, and validate such microscopic behavior models. To capture the microscopic behaviors of cyclists, several previous studies have developed, modified, and calibrated microscopic behavior models. Andresen et al. [9] calibrated a car-following model called the Necessary Deceleration Model (NDM) for bicycle traffic and explained that the NDM can realistically model the free acceleration of a cyclist and the behavior of cyclists moving in a group. Qu et al. [10] developed a microscopic model based on the social force model by Helbing and Molnar [11] to simulate the mixed traffic flows of electric bikes and cars. The force components of this model first considered the movement mechanisms and behaviors of electric bikes and cars separately. Then, the social force model was modified to consider the interactions between cars and electric bikes. Empirical data have been used to re-calibrate the parameters of the original social force model. Using trajectory data extracted from a single-file bicycle experiment, Xue et al. [12] calibrated five car-following models to explore cyclists’ following behaviors. The outcomes of this study explained that simple models, e.g., the velocity-based distance model (VDM), are adequate to realistically capture the cyclists’ following behaviors. Furthermore, they explained that the VDM bicycle-following model performs more or less the same as the NDM model as far as performance is concerned. Kaths et al. [13] used the data collected through a simulator experiment to calibrate the Wiedemann 99 car-following model [14] for bicycles. The outcomes of their study showed that the Wiedemann’s model could also be used to simulate cyclists’ following behaviors. Using the trajectory data collected through a bicycle-following experiment, Kurtc and Treiber [15] calibrated the Intelligent Driver Model (IDM) [16] to explain cyclists’ following behaviors. This study showed that traffic shockwaves for bicycle traffic could be realistically reproduced through the IDM. Furthermore, they concluded that, for bicycle traffic, the prediction power of the IDM is better than that of the NDM. Using the Inverse Reinforcement Learning concept [17], the interactions between cyclists and pedestrians were modelled, e.g., following and overtaking behaviors, when they share the space. The comparison of the simulated and actual trajectories explained that the model predicts the cyclists’ speed more accurately than the position.



Rui et al. [18] enhanced the social force model to simulate bicycle flow in groups. Numerical simulations were conducted in this study considering shoulder groups and following groups. The results explained that the negative impacts of shoulder groups are higher as compared to following groups and, therefore, shoulder grouping should be prohibited. This study is purely based on numerical simulation and validation is needed using experimental or real-world observational data. Li et al. [19] also modified the social force model to simulate the interactions between bicycles and cars at mixed-traffic intersections under high density bicycle traffic conditions. In the modified model, they considered a dynamic boundary model to incorporate the lateral dispersion of cyclists and a behavior force model to model interactions. The behavior force model consisted of four behaviors, namely, free moving, following, overtaking, and merging. Bicycle trajectories obtained through observations at a signalized intersection have been used to calibrate this model and the simulation results indicated that the modified social force model performs better than the original social force model.



Guo et al. [20] proposed a heuristic-based model to simulate the interactions between pedestrians and cyclists in shared spaces. The model was calibrated using the experimental data collected under pedestrian–bicycle mixed traffic conditions. This model reproduced lane formation, which is a commonly observed self-organization phenomenon in pedestrian dynamics. Guo et al. [21] calibrated a model to simulate bicycle traffic on wide roads using the data collected from bicycle experiments conducted on 3-m-wide tracks. Free riding, following, and overtaking behaviors have been explored in this study. In the model, they considered the movement direction, which was based on the view angle range. Furthermore, three relaxation times to represent acceleration, deceleration, and turning behaviors were used in their model. The findings of this study explained that the model could realistically reproduce bicycle flow dynamics.



These previous studies explain how existing microscopic models, such as the social force model and car-following models, can be re-calibrated to simulate bicycle traffic. While gleaning insights from these previous studies, the current study will comprehensively investigate the microscopic behavioral characteristics of cyclists when they interact with other cyclists. That is, in addition to the behaviors identified in established models, interaction characteristics and behavioral rules will be derived from the empirical data.



The key objective of this study is to explore the microscopic characteristics of the interactions between cyclists when they are following each other in a single file movement. Such situations could often be observed on narrow bicycle lanes. In particular, the characteristics of the interactions between cyclists, e.g., spacing, speeds, and acceleration, will be quantitatively assessed in detail. A key hypothesis of the proposed study is that the acceleration (or deceleration) of the follower is determined by the spacing and relative speed between the following and the leading cyclists. The findings of this study will be useful in developing microscopic behavior models that can be used in designing and assessing bicycle infrastructure and in evaluating the level of service and safety of bike lanes.



The structure of this paper is as follows: Section 2 outlines the methodology, including a depiction of the data and microscopic variables, while Section 3 presents the results of this study. The paper concludes with a discussion and conclusions section.




2. Methods


2.1. Data


The data used in this study was obtained from the single-file cycling experiment carried out by Andresen et al. [9] on May, 2012, in Wuppertal, Germany, with 33 participants. Based on the total number of participants in the elliptical experiment circuit, the length of which was set to 86 m, different experiment scenarios were considered. The total number of riders, N, within the circuit ranged from 5 to 33 and these scenarios were named as N = 5, N = 7, N = 10, N = 15, N = 18, N = 20, and N = 33. The complete set of experiments was recorded on video and coordinates of the riders’ head positions were extracted at a rate of 25 frames per second. Further information regarding the experiment, e.g., setup, procedures, and sample, can be found in Andresen et al. [9]. Time–space diagrams for N = 15, N = 18, N = 20, and N = 33 scenarios are shown in Figure 1. Local interactions between some pairs of consecutive cyclists can be observed in higher density cases (i.e., N = 20 and N = 33 cases). It should be noted that the global patterns emerged from local interactions. Therefore, local interactions are more significant than global parameters, including global density and flow.




2.2. Extracted Microscopic Variables for Cyclists’ Riding Behaviors


When a single file movement is considered, microscopic behavior models, such as the social force model and car-following models, rely on the assumption that the acceleration of a cyclist is primarily influenced by their interaction with the cyclist in front of them. This means that the acceleration should show a significant correlation with spacing and relative speed between consecutive riders.



It is important to mention that the open-source data provided solely the x and y coordinates over time, but by analyzing this data, we were able to derive microscopic variables, such as spacing, speed, and acceleration, using the following equations. From individual trajectories, microscopic variables of the single-file bicycle flow are derived as follows:


   s  i , i + 1    ( t )  =  x  i + 1    ( t )  −  x i   ( t )   



(1)




where    s  i , i + 1    ( t )    is the spacing between leading and following cyclists,    x i   ( t )    is the x-coordinate of the cyclist  i ’s position at time  t , and    x  i + 1    ( t )    is the x-coordinate of the preceding cyclist    (  i + 1  )   ’s position at time  t .


   v i   ( t )  =    x i   (  t + ∆ t / 2  )  −  x i   (  t − ∆ t / 2  )    ∆ t    



(2)




where    v i   ( t )    denotes the instantaneous speed of the cyclist  i  at time  t , and   ∆ t   is the sampling interval that was set as 0.4 s.


   a i   ( t )  =    v i   (  t + ∆ t / 2  )  −  v i   (  t − ∆ t / 2  )    ∆ t    



(3)




where    a i   ( t )    denotes the instantaneous acceleration of the cyclist  i  at time  t .




2.3. Modelling Cyclists’ following Behaviors


Several previous studies, e.g., Xue et al. [12], Kurtc and Treiber [15], and Kaths et al. [13], described bicycle riders’ following behaviors using car-following models. Car-following behavior describes the action of the following vehicle, i.e., maintaining a safe distance by accelerating or decelerating, in response to the leading vehicle’s actions. The stimulus–response approach, which is the most common method in modelling car-following behavior, considers that the following car responds to a stimulus (a change in driving conditions) after a lapse of time, which is called the reaction time. The stimulus could be a change in spacing or relative speed, whereas the response is the acceleration or deceleration. Chandler et al. [22], which is one of the earliest car-following models, formulated the linear relationship between the acceleration of the following vehicle (response) and the relative speed (stimulus) as follows:


   A F   (  t + T  )  = λ    [   V L   ( t )  −  V F   ( t )   ]   



(4)




where    A F    is the acceleration or deceleration of following vehicle,    V L    and    V F    are the speeds of the leading and following vehicles, respectively,  T  is the reaction time, and  λ  is a model parameter called the sensitivity factor.



Helly [23] considered a linear combination of the relative speed and spacing, and proposed another linear model as given in the following equation:


   A F   (  t + T  )  =  λ v     [   V L   ( t )  −  V F   ( t )   ]  +  λ l     [   X L   ( t )  −  X F   ( t )  − D  ( t )   ]   



(5)




where    X L    and    X F    are the locations of leading and following vehicles, respectively, at a given time  t ,   D  ( t )    is the safety distance between vehicles, and    λ v    and    λ l    are model parameters.



Gazis et al. [24] introduced a non-linear model that is called the general motors model by incorporating spacing, relative speed, and the speed of the following vehicle. The functional form of this non-linear model is as follows:


   A F   (  t + T  )  = λ        [   V F   ( t )   ]   m       [   X L   ( t )  −  X F   ( t )   ]   l       [   V L   ( t )  −  V F   ( t )   ]   



(6)




where  λ ,  m , and  l  are model parameters.



It can be noted that the car-following models use desired speed, relative speed, and spacing as key model parameters. Using car-following models, the current study describes the dynamic nature and instability characteristics of the microscopic following behaviors of bicycle riders.





3. Characteristics of the Cyclists’ Interactions


3.1. Relationship between Speed and Spacing


The relation between the speed of the following cyclist and the spacing between the leading and following cyclists for different global density levels is shown in Figure 2a.



Combining the linear relationship of the safety distance and the speed proposed by Andresen et al. [9], as well as the free-flow speed of the cyclists, i.e., 15.5 km/h (≈4.3 m/s), a piecewise linear relationship was obtained for the spacing and speed relationship as shown in Figure 2b. The linear relationship of the safety distance and the speed proposed by Andresen et al. [9] is given as:


  D S = 1.93 + 0.72    V F   



(7)




where   D S   is the spacing between leading and following cyclists and    V F    is the speed of the following cyclist. From the piecewise linear relationship, it can be observed that, in general, speed is affected when the spacing is approximately less than 5 m. A similar single-file bicycle experiment conducted in China on a circular track with a circumference of 52 m reported approximately 4 m as the optimal spacing for 2.5 m/s free-flow speed (or desired speed) [25]. The explanation for these differences can be attributed to different experimental settings and the geometry of the track, e.g., the free-flow speed on a circular track is expected to be lower than on a straight track.




3.2. Relationship between Relative Speed and Acceleration


Using the time series of the acceleration of the following vehicle and the relative speed between the leading and following vehicles, Gurusinghe et al. [26] explored a graphical method to estimate the time varied reaction time of vehicles in car-following situations. The applicability of such methods (that were originally used in modelling car-following behaviors) are explored in our study to understand the cyclists’ following behaviors. Time series of the relative speed (   V L    −    V F   ) and acceleration of the following cyclist (   A F   ) for one pair of consecutive cyclists are depicted in Figure 3.



It can be observed that the following cyclist adjusts his or her acceleration in response to the relative speed between the leading and following cyclists following a reaction delay. Thus, Chandler’s model in Equation (4) in Section 2.3 can be illustrated graphically using this figure. It can further be noted that the reaction time (of the following cyclist) considerably varies over time. This observation indicates that the reaction delay is not a constant, even for a given cyclist, and it is rather situational.



The relative speed between the leading and following cyclists versus the acceleration of the following cyclist plots for a pair of leading and following cyclists are shown in Figure 4. This plot is known as the Lissajous diagram, and it reveals that introducing a time lag (t) for acceleration substantially enhances the correlation between relative speed and instantaneous acceleration. These diagrams are comparable to the acceleration versus relative speed patterns exhibited by drivers during car-following situations [26,27]. The Lissajous diagram provides a straightforward method for estimating the sensitivity parameter ( λ ) and reaction time of linear car-following models (e.g., Equations (4) and (5)). It should be noted that the existence of a series of reaction time or sensory motor delay values (as observed in Figure 3) indicates that there could be a range of Lissajous curves. As a result, there could be a range of model parameter sets for a given pair of interacting cyclists.



For each pair of interacting cyclists, relative speed versus acceleration plots were constructed and reaction delays were obtained by optimizing the correlation, as shown in Figure 4. Estimated time lags varied from 0.20 s to 2.20 s with an average (±standard deviation) of 0.66 s (±0.33 s). As specified in previous studies on car-following models, drivers react to the actions of the leading driver, e.g., braking, after a time lag, which is specified as the “reaction time” [28]. In studies involving pedestrians, the time lag is typically referred to as the “visual–motor delay” and is generally assumed to be around 0.40 s [29,30]. The study by Dias et al. [31] found that this characteristic time delay varies from 0.12 s to 0.68 s. However, a higher average delay time was reported by Xue et al. [32] for the correlation between the speeds of children pedestrian pairs, where the average delay time ranged from 0.75 to 0.84 s. For micromobility vehicles, such as the Segway, the reaction time can be incorporated depending on the situation, e.g., when following a pedestrian or a cyclist and during normal following or sudden brake situations [33]. Dias et al. [33] reported that the average reaction times (±SDs) of Segway riders were 0.50 s (±0.29 s) and 0.70 s (±0.44 s) when following a cyclist and a pedestrian, respectively, during sudden brake situations. It can be noted that the reaction delay estimated in the current study (0.66 s ± 0.33 s) is consistent with the reaction times estimated by Dias et al. [33] for Segway riders.



The Kolmogorov–Smirnov (K-S) test of normality was conducted on the natural logarithm (LN) values of the reaction delays. The test results revealed that the distribution of the time-varying reaction delay follows a log-normal function. The K-S test statistic (D) was 0.05437, and the p-value was 0.58813, which indicated that the data does not differ significantly from that which is normally distributed. The distribution of the reaction delay along with the fitted log-normal curve is shown in Figure 5 below. Figure 6 compares the theoretical log-normal cumulative probability distribution function with the empirical cumulative distribution function, which also revealed that the reaction delay can be fitted to a log-normal distribution.



Aggregated relative speed versus time delayed acceleration plots for interacting cyclist pairs in the N = 33 scenario are shown in Figure 7. It is apparent from the figure that acceleration generally increases as relative speed increases. This implies that individuals accelerate or decelerate more when the difference in speed between themselves and the leading cyclist is larger. Results of the Pearson correlation indicated that there is a significantly large positive relationship between time delayed acceleration and relative speed (r = 0.561, p < 0.001). It should be noted that the slope of the regression line shown in Figure 7 represents the average slope for the data for all individual cyclists used in the figure, and depending on the characteristics of the individuals, different values for the slope can be obtained. Nevertheless, this approach provided a way to simply and directly calibrate Chandler’s model [22], which is shown in Equation (4). As can be noted from Figure 7, the sensitivity parameter ( λ ) is 0.6709. As reported in Ranjitkar et al. [27], this value can vary from 1.5 to 2.5 for cars.




3.3. Multiple Linear Regression Model for Acceleration and Deceleration Behaviors


Acceleration, relative speed, and spacing data extracted from the cyclist trajectories in the N = 33 scenario for spacing values less than 5.0 m were used in developing the multiple linear regression models. Strongly interacting pairs of cyclists were observed in this case (see Figure 1d and Figure 2a). In order to eliminate the averaging effect of positive and negative acceleration values when considered together in a single regression model, two multiple linear regression models were developed separately for acceleration and deceleration behaviors. The model’s predictor variables included relative speed (=   V L    −    V F   , i.e., speed of the leading bicyclist minus the speed of the following bicyclist) and spacing (DS). Time-delayed instantaneous acceleration and deceleration were the predicted variable. Due to its significant correlation with relative speed and spacing (see Figure 2), instantaneous speed was not entered as a predictor variable. The observations with standardized residuals greater than |3| can be considered outliers [34] and were, therefore, removed. Results of linear regression models for acceleration and deceleration behaviors are presented in the following sections.



3.3.1. Model for Acceleration Behavior


In this model, only positive instantaneous acceleration values and related other variables linked with positive acceleration events were taken into account. Only the acceleration behavior was investigated as a function of relative speed and spacing. The ANOVA results indicated that the acceleration behavior model was significant (Table 1). However, the r-squared value was 0.024, which is due to the higher scatter in the data. This higher scatter can be explained by the fact that we used the positions (x- and y-coordinates) of cyclists to calculate speed and acceleration. Nevertheless, according to the outcomes of the regression model, both relative speed and spacing were found to be significant predictors. Instantaneous acceleration showed a positive association with both relative speed (   V L    −    V F   ) and spacing (Table 2). This makes sense since cyclists tend to accelerate to catch up with the leading bicyclist if they are slower than the leading bicycle. Similarly, when there is more spacing in front of bicyclists, they are likely to accelerate.




3.3.2. Model for Deceleration Behavior


In this model, deceleration behavior was considered, and the negative values of instantaneous acceleration were taken into account. The ANOVA results indicated that the acceleration behavior model was significant (Table 3). The r-squared value was 0.047. As mentioned before, this low r-squared value may be due to the scatter of speed and acceleration data. Only relative speed (   V L    −    V F   ) was found to be a significant predictor (Table 4), having a negative association with deceleration behavior; thus, deceleration increased as relative speed decreases. That is, when the speed of the following bicyclist is higher than that of the leading bicyclist, the following cyclist is likely to decelerate to avoid a potential collision with the leading bicyclist



In this model, deceleration behavior was considered, i.e., the negative values of instantaneous acceleration were taken into account. The ANOVA results indicated that the acceleration behavior model was significant (Table 3). The r-squared value was 0.047. As mentioned before, this low r-squared value may be due to the scatter of speed and acceleration data. Only relative speed (   V L    −    V F   ) was found to be a significant predictor (Table 4), having a negative association with deceleration behavior; thus, deceleration increased as relative speed decreases. That is, when the speed of the following bicyclist is higher than that of the leading bicyclist, the following cyclist is likely to decelerate to avoid a potential collision with the leading bicyclist.






4. Discussion and Conclusions


The safety and efficiency of bicycle facilities can be greatly impacted by the interactions between cyclists. The behavior of each cyclist can have a significant impact on how they interact with others at a microscopic level, ultimately shaping the global patterns of motion. The behavior of riders may be studied using microscopic simulation models. In order to develop, calibrate, and validate microscopic behavior models, interactions between riders must be thoroughly studied. This study used the data collected from a controlled experiment to derive key microscopic variables of cyclists’ riding behaviors, such as spacing, speed, and acceleration, which are commonly employed in microscopic behavior models. Relationships between these microscopic variables were explored in detail to understand the microscopic characteristics of cyclists’ interactions when they are moving in a single file.



Results of the reaction delay analysis explained that resembling car-following behaviors, cyclists adjust their behaviors after a specific characteristic delay time that may be defined as the ‘reaction time’ or ‘sensory motor delay’. Such a parameter could be considered in microscopic simulation models to enhance the accuracy of such models. As reported in previous studies, the reaction time for cars generally varies between approximately 1.2 and 1.5 s [27,28,35]. It can be noted that, on average, these values are larger than the reaction times for bicycles estimated in this study. This is logical as cycling does not involve complex tasks, e.g., moving the leg from the accelerator to the brake paddle to press the brake, as in driving. Furthermore, under high density situation, riders are generally prepared to brake and stop or reduce the speed to avoid a potential collision. Previous studies on the simulation of bicycle traffic used larger values, e.g., 1.2 s, for the reaction time [12,15]. Apparently, such studies have not used microscopic calibration methods that involve the comparison of trajectories. Nevertheless, the estimated reaction times were consistent with the reaction times reported in previous studies for micromobility vehicles such as the Segway. For example, as mentioned in Dias et al. [33], the average reaction time when a Segway rider follows a cyclist can be 0.91 s (±0.35 s) and 0.50 s (±29 s) for general following and sudden brake conditions, respectively.



According to the results of the multiple linear regression models used to model cyclists’ time-delayed accelerations and decelerations as functions of relative speed and spacing, relative speed is a key predictor of the acceleration and deceleration behaviors of the cyclists. Spacing does not show a strong association; however, it was a significant predictor of the time delayed acceleration. In addition, relative speed and time delayed (by a reaction time) acceleration plots showed a strong correlation. These outcomes indicate that, with re-calibration, simple car-following models, e.g., Chandler’s model [22] and Helly’s model [23], can be used to simulate bicycle traffic on narrow bike paths. Xue et al. [12] also mentioned that complex models are not necessary and simpler models with a relatively smaller number of parameters are adequate to realistically capture cyclists’ following behaviors. However, the findings of the study of Xue et al. [12] mentioned that a velocity-based distance model, which mainly used the spacing between the following and leading cyclists, performed better than the speed matching model, which used speed difference and is equivalent to Chandler’s model [22]. It is important to note that there is a contradiction between this result and the findings of the current study. Stronger interactions, e.g., stop-and-go waves, were observed in the data used in [12] as compared to the current study. Experiment conditions might play a role in such differences and additional data, e.g., real world observations, might be necessary to verify such concerns. In addition, higher fluctuations can be expected in following situations under high-density conditions [36].



The study has some limitations, which need to be taken into consideration. Firstly, this study used a limited sample, and the data was collected in a controlled experiment only for a single-file movement. Therefore, the findings may not be applicable to more complex scenarios involving different cycling formations, e.g., several lines of cyclists on one-way paths, two-way paths, or wider paths. Additionally, the study did not take into account the potential impact of demographic characteristics on cyclists’ behaviors. Further research is needed to understand how demographic factors, e.g., gender and age of the riders, influence the reactions and behaviors of the cyclists. Moreover, future studies could also consider other factors such as wider paths, grades (upward/downward paths), bicycle size, road conditions, weather, time of the day, etc. Future studies could incorporate these factors as well as reaction times into simulation models to improve their accuracy and reliability.
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Figure 1. Time–space diagrams for different global density levels (x represents the positions of cyclists). (a) N = 15; (b) N = 18; (c) N = 20; (d) N = 33. 
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Figure 2. Spacing versus speed diagrams. (a) Spacing between leading and following cyclists versus speed of the following cyclist plots for different global density levels. (b) Aggregated spacing versus speed plot for all density levels and the piecewise linear relationship between them. 
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Figure 3. Time-varying reaction time estimation based on time series of the relative speed between the leading and following cyclists and the acceleration of the following cyclist. 
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Figure 4. Relative speed versus acceleration plots for a pair of leading (L) and following (F) cyclists. (a) Without a time lag. (b) With a time lag (t = 0.32 s). 
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Figure 5. Distribution of the time varied reaction delay. 
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Figure 6. Comparison of theoretical and empirical cumulative log-normal probability plots of the time varied reaction delay. 
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Figure 7. Aggregated relative speed versus time-delayed acceleration plot with t = 0.66 s, which is the average value. 
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Table 1. Outcomes of the ANOVA test for the multiple linear regression models for acceleration behavior.
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	Sum of Squares
	df
	Mean Square
	F
	Sig.





	Regression
	3.213
	2
	1.607
	128.743
	0.000



	Residual
	131.287
	10,520
	0.012
	
	



	Total
	134.500
	10,522
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Table 2. Coefficients in the multiple linear regression models for acceleration behavior.
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Coefficients

	
t

	
Sig.




	
B

	
Std. Error






	
(Constant)

	
0.106

	
0.005

	
21.387

	
0.000




	
DV

	
0.086

	
0.006

	
15.010

	
0.000




	
DS

	
0.010

	
0.001

	
6.588

	
0.000
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Table 3. Outcomes of the ANOVA test for the multiple linear regression models for deceleration behavior.
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	Sum of Squares
	df
	Mean Square
	F
	Sig.





	Regression
	8.058
	2
	4.029
	262.675
	0.000



	Residual
	162.319
	10,582
	0.015
	
	



	Total
	170.377
	10,584
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Table 4. Coefficients in the multiple linear regression models for deceleration behavior.
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Coefficients

	
t

	
Sig.




	
B

	
Std. Error






	
(Constant)

	
0.164

	
0.005

	
31.392

	
0.000




	
DS

	
−0.001

	
0.002

	
−0.741

	
0.458




	
DV

	
−0.123

	
0.005

	
−22.877

	
0.000
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