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Abstract: In discretionary lane changing (DLC) decision models, software-based vehicles should be 

controlled using safe and comfortable trajectories. The simulated lateral and longitudinal trajectories are 

approximate trajectories, whereas the calibrated models provide more appropriate trajectories. Very few studies 

have used the calibration method to find safe and comfortable lateral trajectories at the starting and ending places of 

lane changing (LC); however, no study has provided safe and comfortable lateral and longitudinal trajectories at 

these places. This study uses calibrated lateral and longitudinal trajectory models with a comfortable lateral 

trajectory to pinpoint the safety gap at the target lane during LC. The updated LC trajectory model, in which the 

adopted lateral and longitudinal trajectory parameters are calculated, is calibrated using a genetic algorithm. This 

study indicated that the average root mean square error (RMSE) value is 0.93 (f) of calibrated data decreasing more 

than 70%, whereas the average RMSE value of simulation data is 1.93 (f). Additionally, the longitudinal positions 

during LC have an average RMSE value of 0.93 (f), while the simulation model's average RMSE value is 1.94 (f). 

Depending on the dataset used, the proposed safety gap can be applied in traffic software while DLC decision 

models such as binary logistic and game theory models are used. 

Keywords: lane changing, transportation planning, gap acceptance, safety factors, game theory model. 

基于安全间隙因子的换道轨迹规划模型 

摘要：在自主变道（DLC）决策模型中，应使用安全舒适的轨迹来控制基于软件的车辆

。模拟的横向和纵向轨迹是近似轨迹，而校准模型提供了更合适的轨迹。很少有研究使用标

定方法来寻找变道（液相色谱）起点和终点的安全舒适的横向轨迹；然而，还没有研究提供

这些地方安全舒适的横向和纵向轨迹。本研究使用具有舒适横向轨迹的校准横向和纵向轨迹

模型来精确定位液相色谱期间目标车道的安全间隙。更新的液相色谱轨迹模型计算了所采用

的横向和纵向轨迹参数，并使用遗传算法进行校准。本研究表明，校准数据的平均均方根误

差（均方根误差）值为 0.93（f），下降超过 70％，而模拟数据的平均均方根误差值为 1.93

（f）。此外，液相色谱期间纵向位置的平均均方根误差值为 0.93 (f)，而仿真模型的平均均
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方根误差 值为 1.94 (f)。根据所使用的数据集，所提出的安全间隙可以应用于交通软件，同

时使用二元逻辑和博弈论模型等 DLC 决策模型。 

关键词：变道、交通规划、间隙接受、安全因素、博弈论模型。 

 
 

Introduction 

In DLC driving situation-based traffic software [1], 

some decision models such as logistic regression 

model, game theory model [2], neural networks, 

support vector machine, and Bayesian filtering [3] use 

decision factors such as independent and dependent 

factors [4]. A safety gap trajectory is an independent 

factor, and DLC decision is a dependent factor.  

Planned driver behavior will provide comfort, safety, 

productivity, and flexibility while lane changing and 

alleviate numerous transportation issues. Both 

macroscopic and microscopic factor analyses include 

these predetermined vehicle movements. The 

microscopic element distinguishes vehicle trajectory-

based motions, such as position, velocity, acceleration, 

gap, and time headway, whereas the macro factors 

address traffic flow, density, and average traffic speed 

[5]. According to the analysis of microscopic factors, 

the driving mechanism is adaptable and secure. The 

term "LC driver" refers to a driver of a vehicle who 

changes lanes. This type of drivers needs to be moving 

at a high or steady speed and strives to get around any 

obstacles in the lane. Mandatory LC (MLC) occurs 

when a driver must change lanes. 

To tackle traffic challenges, many academics have 

created the LC model over the last two decades. 

Furthermore, discretionary LC (DLC) occurs when a 

driver modifies his or her lane for a comfortable or safe 

ride. When driving in places with heavy traffic, the 

DLC action gives drivers more peace of mind and 

safety, making them more comfortable when they need 

to move faster on freeways [6]. DLC participation is 

not required. Therefore, taking DLC action is safer than 

taking the LC action that is required. The trajectories of 

the target rear vehicle (TRV) and the subject vehicle 

(SV) after LC are used to calculate the safety factor. 

Researchers have recently created a gap acceptance 

model with a safety factor and suggested trajectory 

distribution [7]. An LC vehicle or SV driver typically 

notices the distance between the front vehicle (FV) and 

TRV at the target lane following the LC when making 

a DLC decision. An SV driver uses binary decision 

when he/she needs a gap in the target lane. TRV 

drivers may also quickly implement another binary 

choice (such as a yielding or forbidding decision). 

When the gap is approved, the SV switches lanes; if 

not, the SV stays in its current lane. In addition, the 

TRV either permits or prohibits lane changes. 

In LC decision models, the safety gap factor is a key 

aspect of driver safety [7]. As a result, as a safety 

indicator, this aspect also has a considerable impact on 

driver choice. The LC trajectory model can be used to 

calculate the safety gap factor. However, a few studies 

have used lateral trajectory models: the quintic Bezier 

curves [8], a polynomial curve [9], and hyperbolic 

tangent curve (HTC) [10]. Only small robotic vehicles 

were used while applying the quintic Bezier curves. 

The majority of polynomial curves were created using 

velocity and acceleration. According to [9], velocity 

and acceleration are considered to be zero at the 

starting and ending sites of LC. For circumstances with 

crowded traffic, this assumption, according to [9], is 

unrealistic. Real views were used to determine HTCs 

using LC reference angles. Because realistic 

parameters are employed, the HTC assumption is more 

plausible than the polynomial curve assumption. The 

regression coefficient and parameters were used by [10] 

to successfully fit microscopic-based real data. 

However, only a small amount of actual data was used 

to calibrate these parameters and regression 

coefficients. 

Additionally, the majority of the research 

represented longitudinal movements in safety gap 

assessment with a straight line. The longitudinal 

direction does not always follow a straight line when 

adjusting the vehicle in the target lane, as demonstrated 

by [9]. After crossing the middle line, the directional 

straight line includes a weighted parameter that was not 

calibrated. To establish the safety gap, the longitudinal 

trajectory line and lateral trajectory HTC parameters 

were not properly calibrated. 

This study determines the safety gap at the target 

lane during LC by applying calibrated lateral and 

longitudinal trajectory models with a pleasant lateral 

trajectory as the minimal curvature at the LC starting 

and ending positions. The calibration method uses a 

large dataset (Next Generation Simulation) and a 

genetic algorithm. The updated LC trajectory model, 

where the lateral and longitudinal trajectories are 

chosen, parameters are established using these 

microscopic data, is likewise calibrated using the 

genetic algorithm. 

 

1. Literature Review 
Vehicle movements on multilane roadways are 

referred to as LC. When a vehicle driver requires high 

speed or control and attempts to overcome a barrier in 

the present lane, he or she switches lanes [14]. This 

action relates to the LC conduct of the vehicle driver. 

The LC is classified as required LC or DLC depending 
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on the driver’s intentions. For the required LC, the car 

driver must change lanes. Many academics have 

created the required LC concept in recent years to solve 

traffic difficulties (e.g., rear crash, stop-and-go 

oscillation and working zone signal). 

 

1.1. Lane-Changing Trajectory Model  

On both busy and highway roads, DLC activity 

delivers relaxation and ease [6]. Because of the 

importance of safety in the DLC model, the safety 

factor is employed more deeply than in the required LC 

model. A few researchers have developed the gap 

acceptance model in recent years, employing safety 

considerations and trajectory distribution. Prior to LC 

deployment, the suggested driving behavior is a 

preplanned activity. The intended action is determined 

by two factors: lateral and longitudinal directions. Both 

lateral and longitudinal motions in the coordinate 

system can arrive at a desired point and detect the gap 

in the target lane. Therefore, the safety gap in the target 

lane must be developed and determined using these 

direction-based LC trajectory models. 

In every transportation management, the DLC 

trajectory planning model is critical for recognizing 

and assuring safety. The model predicts acceptable gap 

and dynamic lateral movement trajectories. For more 

than two decades, the trajectory planning model has 

been evolving. Several simulation models for DLC 

trajectory planning have been developed using the 

quintic Bezier curves [11]–[13], HTC [10], [14], and 

polynomial curves [9], [15]–[18] for urban and freeway 

roads. Because the safety factor was calculated using a 

sine function-based trajectory curve [19], maximum 

acceleration was applied to construct the unrealistic 

curve. [9] suggested a trajectory planning curve using 

PC, where the beginning and finishing locations’ 

reference angles were used to form the trajectory curve. 

As a result, the polynomial curve is used to form the 

LC trajectory model. The majority of the LC trajectory 

models use zero-based velocity and acceleration at the 

starting and ending positions to derive the PC model, 

which are false assumptions [9]. The HTC-based model 

was modified by [10] for trajectory planning. As a 

result, they proposed using the HTC in required LC and 

DLC in future studies. Therefore, the purpose of this 

study is to estimate the safety factor for DLC driver 

behavior using HTC trajectory planning. 

The desired gap point cannot be achieved without 

the vehicle’s longitudinal motions, and the safe 

distance cannot be determined using the lateral 

trajectory curve. Only a few studies employ 

longitudinal movements in the trajectory planning 

curve to calculate the safety factor. For longitudinal 

motions, several studies advocated a straight line [19]. 

However, this straight line may not correspond to 

actual trajectory vehicle movements during LC. The 

driver has anticipated places that he or she may desire 

to reach after LC, and the longitudinal trajectory line 

direction may change. A previous study has shown that 

the longitudinal movement line cannot be matched to 

the longitudinal locations during LC. However, they 

disregarded the suggestion of organizing longitudinal 

motions following the requirements. Due to the model 

accuracy, this longitudinal trajectory planning cannot 

accurately predict the safety factor during LC. As a 

result, there is a significant gap in the literature. 

 

1.2. Calibration Method  
According to the literature, the simulation model 

should be enhanced by calibrating it against the actual 

trajectory data. Otherwise, the model may be useless in 

the real world. Again, this study fills a research gap in 

the literature by proposing a trajectory model as a 

lateral direction curve that is more effective than 

previous trajectory curves for a pleasant voyage by 

[10]. The safety gap factor is calculated using 

trajectory models that are both longitudinal and lateral 

in nature. Furthermore, the research implies that a 

longitudinal movement line is required to establish a 

safety gap in the target lane. However, the literature 

has significant gaps that may be filled by altering the 

simulation model of longitudinal motions. As a result 

of this research, the lateral and longitudinal simulation 

models appear to perform better when the calibration 

technique is used. Calibration methods can increase the 

performance of any simulation model in real-world 

traffic; the calibration parameters are physically 

connected to the real-world driving behavior once the 

model performance is improved [20], [21]. This study 

has shown from the literature that GA is the most 

efficient calibration model in traffic research. 

Furthermore, [10] fitted several parameters to observed 

data. The calibration procedure may be used to 

improve the model. [9] suggested a dynamic LC 

trajectory planning simulation model that utilizes very 

little data. They agreed that the validation was not 

sufficiently checked by employing various actual LC 

trajectories. As a result, further investigation is 

necessary. 

According to [10], trajectory models based on HTC, 

polynomial curves, and spline-based curves showed 

similar goodness of fitting values. The model was 

validated on a few genuine trajectory data. The reason 

for this is that the linear regression coefficient was 

utilized in the fitted model, and there were certain data 

processing restrictions. The authors noted that future 

studies may enhance their model by incorporating large 

amounts of traffic data. However, their model only 

included the lateral trajectory curve during LC. As a 

result, this study would be changed by adding the 

longitudinal movement planning model, which must be 

modified by utilizing large amounts of traffic data. As a 

calibration method, GA is used to change the 

aforementioned models. As a result, the purpose of this 

study is to address a research gap by employing the 

calibration technique of trajectory planning models. 
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1.3. Safety Gap Factor 
The comfortable LC is represented by the reference 

angles of the LC beginning and finishing locations, and 

the gap at the target lane indicates the safety factor 

during LC. A few studies presented the trajectory 

curve, which focused on the curvature of its curve as a 

convenient [10], [19]. Again, some studies offered a 

gap acceptance model based on LC trajectory planning, 

in which the safety gap at the target lane was calculated 

as a safety gap factor [6]. Using a simple calculus 

formula, the curvature of the trajectory planning curve 

can be easily computed. However, several researchers 

formed and recommended other gap acceptance models 

without using the calibration technique to establish the 

safety gap factor [22]. This study examines gap 

acceptance models and calculates the safety gap factor 

using lateral and longitudinal trajectory planning lines. 

As a result, the literature on the curvature of trajectory 

lines and safety gap factor is significant. 

   

2. Materials and Methods 
The reference angle is the angle of the driver’s 

vision-based angle of the actual trajectory. By 

employing this angle during LC, the geometric form of 

the trajectory curve is shown in [10]. The functional 

form of the reference angle through LC was planned by 

[10]. To determine these angles, Equation (1) 

represents the LC dynamical trajectory values. 

 2
( ) tanh d

dd

d

l

lc vl

v

t t


  
 
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 
 

          (1) 

where  arg

1
,

2 origin t etlc T T     and 

 arg( ) ( )

1

2 origin t etT T right    ; t is the time variable; 

LC starting time is 
origin

T , LC finishing time is 
argt et

T ; 

reference angles of LC starting and finishing times are 

originT and 
argt etT , respectively, which are represented in 

Fig. 1. The average positive reference angle of the LC 

starting and finishing times is lc , the average reference 

angle of LC starting-time and finishing-time is  . The 

reference angles, 0   of LC starting-time and 

finishing-time are equal and opposite. Again, 
d

l is the 

total longitudinal displacement during LC, 
d

v is the 

average velocity during LC, and  is an unknown 

parameter as a lateral aggressive driving behavior. 

 
Fig. 1 Starting and ending positions of the SV during LC 

 

2.1. Lateral Position 
The initial planning of the lateral trajectory uses the 

parameters of Equation (1). This equation-based 

model’s computation process is highly simple, 

efficient, and trustworthy in real-world circumstances. 

The y-axis is where the lateral displacement occurs. 

Fig. 1 displays the left LC vehicle’s position with the 

starting and ending times. The lateral position of the 

real trajectory was fitted by [10] using Equations (2) 

and (3).  

( ) ( )t QY t P                                                  (2) 

Equation (3) is derived using Equations (1) and (2) 

as follows: 

( ) tanh
2

lc d

d d d

l P
Y t t

Q l v v Q

     
     

  
        (3) 

In addition, Q and P are constants as well as the 

reference-angle coefficient of the linear regression 

fitting line of the reference angle and lateral 

displacement during LC, where the reference angle is 

the influencing factor, and the lateral displacement is 

the response variable. These two constants are used by 

[10], but this research transforms Equation (3) to 

Equation (4) to relate all parameters with the actual 

data. 

( ) tanh
2

f f

T
Y t S t T

T

  
    

  
          (4) 

where fS  is scale factor of HTC that represents the 

total LC lateral displacement, T is duration of LC and 

fT  is the abscissa of middle points is represented by 

the translation factor of HTC. The real trajectory 

dataset can be used to determine these variables. 

 

2.2. Longitudinal Position 

The x-axis represents the direction of the 

longitudinal displacement. This study's LC decision 

model combines lateral and longitudinal locations, with 

Equation (5) being used for the longitudinal position 

[19]. 

0 arg( ) ,d origin t etX t x v t forT t T   
          (5) 
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[19] mentioned that dv is average velocity; however, 

they took LC initial velocity into account to make the 

model simpler and proposed additional research in the 

future to make the model better. As a result, this 

research uses Equations (6) and (7) to enhance the 

model such that the longitudinal position (simulation 

position) more closely matches the location of the 

actual vehicle. 

1 0 1 0( ) , origin middleX t x u t forT t T   
         (6) 

2 2 0 arg( ) ,m middle t etX t x u t forT t T   
          (7) 

where 0u is an LC starting velocity, 0x is an initial 

longitudinal position, mx is a middle longitudinal 

position, middleT is a time, and the driver has passed the 

middle line separating two lanes. Additionally, the 

weighted longitudinal direction parameters 1 and  

2 change in order to combine the vehicle into the 

target lane. When a driver is referred to as a slow driver, 

the weighted parameter's value is lower than one. 

Additionally, the weighted parameter has a value 

greater than one when a driver is described as an 

aggressive driver. Fig. 2 depicts the aggressive driving 

style of the driver. Therefore, these weighted factors 

based on driver aggression are evaluated using actual 

data. 

 
Fig. 2 a. Longitudinal driving aggressiveness; b. Simulation 

trajectory position of vehicle; c. Lateral position; d. Longitudinal 

position 

 

In Fig. 2, driving behaviors A-C are first aggressive, 

then slow, whereas driving behaviors C-A are first 

slow, then aggressive. In Fig. 2, a straight line 

represents the general driver’s weighted parameter 

value (one) for longitudinal movements. The dotted 

line in Fig. 2 depicts similar behaviors when a driver 

begins driving aggressively and then shifts to a slower 

speed after passing the middle line. Otherwise, as 

shown by the dotted line in the same figure, the 

driver’s behavior is first slow and then aggressive. 

Consequently, by employing these two characteristics, 

the longitudinal driver movements may better match 

the actual trajectory in Equations (6) and (7). 

 

2.3. Curvilinear Motion Planning 

Curvilinear motion planning provides vehicle 

coordination along with lateral and longitudinal 

trajectories during LC. At every time instance, the 

vehicle stays in a position using these trajectories. This 

position is assumed by (x(t), y(t)), where the horizontal 

direction is represented by the x-axis, and the vertical 

direction is represented by the y-axis. The rectangular 

coordinate system represents the vehicle longitudinal 

and lateral positions. 

Vehicle coordination with the lateral and 

longitudinal trajectories during LC is provided by 

curvilinear motion planning. The vehicle maintains its 

position using these trajectories at all times. (x(t), y(t)) 

assumes this position, where the x-axis stands for the 

horizontal direction and the y-axis for the upward 

direction. Vehicle longitudinal and lateral positions are 

represented via the rectangular coordinate system, 

respectively, x(t) and y(t). Therefore, the position of the 

vehicle, at any given time t, is ξ(t) = [ (x(t), y(t))], 

where ξ(t) is the cartesian system's position, and t is the 

time during LC. Equations 3-7 represent horizontal and 

vertical positions of LC path planning. Fig. 4 and 5 

show the relationship between time and lateral and 

longitudinal positions, respectively. In addition, Fig. 3 

shows lateral and longitudinal positions for the 

simulated vehicle, with the lateral positions placed 

vertically and the longitudinal ones placed horizontally. 

 
Fig. 3 Rear safety gap 

 

2.4. Curvature 

The path’s curvature indicates how comfortable the 

travel will be; a path with a low curvature will be more 

comfortable [10]. [10] demonstrated that the tanh 

model’s curvature is less than that of other quintic 

Bezier curves and PCs. However, the vehicle system 

can determine the curvature at any location by 

employing the updated parametric curve. The curvature 

value is determined using Equation (8). The 

comfortability of the model using the modified lateral 

and longitudinal position-based parametric lines is 

justified by this study employing this equation. 
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2 2/3
,

(1 )

y
Curvature k

y





           (8) 

where y is the lateral position determined from 

Equation 4; y and y  are 2
nd

 order and 1
st
 order 

derivatives, respectively. These derivatives are with 

respect to longitudinal vehicle position (see Equations 

6 and 7). 

 

2.5. Calibration and Validation Approaches 

Equation (4) represents the lateral trajectory, and 

Equations (6) and (7) represent the longitudinal 

trajectory for the LC decision model to produce the 

simulation data. Simulation models are ineffective for 

planning actual trajectories. These parametric-based 

trajectory models use the calibration approach to 

enhance the simulation model. The GA is considered in 

the study as a calibrating method. The sum of square 

error (SSE) used in the objective function is displayed 

in Equation (9). With the exception of the driver’s 

lateral aggressive conduct, all parameter ranges from 

the dataset are considered in GA because this type of 

values is not in the dataset. To better fit the real dataset, 

this research investigates the various values of lateral 

aggressive behavior. 

Additionally, the validation strategy is used to 

evaluate the effectiveness of the model using Equation 

(10). The validation function can employ any 

goodness-of-fit function because of similarity as the 

calibration approaches use the SSE function. Therefore, 

the RMSE function is used as the unit of input and 

output variables in this study. In addition, RMSE 

determines the simulation model’s error when real data 

cannot be put into the model. In this instance, 

measuring error can be done using the same unit of 

input and output variables. 

2

1

ˆmin [ ( | ) ( )]
N

n n

t

p t p t







            (9) 

where Ω is optimum set of parameters, , ( | )np t   

and ˆ ( )np t are simulation and observed positions, 

respectively, at iteration time t. 

2

1

ˆ[ ( ) ( )]
N

n n

t

p t p t

RMSE
N








        (10) 

where t = 1 is LC starting time, and t = N is the LC 

ending time in Equation (10). 

 

2.6. Safety Gap 

Using the longitudinal positions of the FV and SV, 

this safety gap was computed. For LC trajectory 

planning, [9] presented the range of safety gaps using 

RV and FV. In addition, they used the longitudinal 

location of these cars to compute the safety gap. The 

presumed rear safety gap is the range of the safety gap 

with the back vehicle. This research gathers the rear 

safety gaps of all LC and NLC vehicles to achieve its 

goal. The longitudinal position of the TRV is 

calculated by Equation (5) [19]. Here, the longitudinal 

trajectory model is used to calculate the SV location. 

When the distance between the SV and TRV is closer 

than their respective safety gaps, a rear collision 

between the SV and TRV is possible. The SV may 

avoid colliding with the TRV if it advances to the 

target lane while leaving a rear safety gap. The TRV 

departs from its present lane and adheres to the one-

dimensional motion equation during the SV LC 

(Equation (11)). 

0 0

r r r

t lcx x v t 
          (11) 

where 
r

tx is a rear vehicle position after LC at target-

lane, 0

rx is TRV initial position at LC starting time, 

0

rv is TRV initial velocity at LC starting time, and lct is 

total LC time. 

Equation (12) is used to compute dS , the rear safety 

gap. Although the lateral position of the SV after LC is 

not used in safety gap assessment, it is possible to 

determine the LC finishing time from the lateral 

position since the SV completes the LC after it has 

reached the target-lane (the desired lateral position). 

Due to the same lane, TRV becomes the new rear 

vehicle of SV when SV enters the target lane. Equation 

(12) can be used to determine a regarded gap between 

these two cars in that case. 

( ) r

d t lcS x lc x L           (12) 

where lcL is the length of SV, ( )x lc is the position of 

the SV along its longitudinal axis following the LC, 

and all vehicle lengths are treated equally. It's not 

usually possible for the SV driver to switch to the LC. 

This driver is capable of calculating the rear safety gap 

at the LC's starting position by using Equations (11) 

and (12). 

 

3. Data Processing 
US 101 (Hollywood Freeway), Los Angeles, 

California, features a road with multiple lanes on either 

side (Fig. 4). The auxiliary road connects the off-ramp 

and on-ramp traffic systems on one side. The vehicle 

trajectories were recorded using cameras set up at the 

tops of the tall structures. The vehicle trajectories from 

all lanes of the more than 600-meter road were 

microscopically captured by these cameras [23]. This 

dataset, according to [24], is the most widely used and 

available in traffic research because it contains a vast 

amount of microscopic data. 
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Fig. 4 Data collection area, NGSIM, US-101 [23] 

 

Microscopic factors, including local longitudinal 

and lateral positions of the SV, global time, vehicle 

velocity, vehicle acceleration, vehicle lane position, FV, 

and rear vehicle, were collected. The time-intervals are 

7.50-8.05 am, 8.05-8.20 am, and 8.20-8.35 am on June 

15, 2005. The total captured number of vehicles at 

these 45 minutes was 6101 [25]. Compared to other 

times of the day, the morning has more traffic 

congestion. The vehicle trajectory contains 10 data 

points for each microscopic factor per second, with a 

0.1-second resolution [25]. The dataset used for this 

study, which covers the hours of 7.50 am to 8.05 am, 

contains multiple 1,180,000 row vectors and 18 column 

vectors in a CSV file. The row information dataset 

contains 2169 automobiles, and only the DLC vehicles 

in lanes five through four are identified. Therefore, 

during the 2100 feet of monitored roadway, there were 

123 total DLC vehicles and 9 total NLC incidents. By 

removing certain incomplete and dubious LC vehicles 

from the dataset, [26] identified DLC vehicles for lanes 

one through three. 

In this dataset, there are 123 DLC events from Lane 

5 to Lane 4. As a result, SV and RV in the present lane 

and FV and RV in the target lane generate the LC 

groupings. 123 DLC vehicles and 9 NLC vehicles 

make up this data set's DLC segment. An NLC vehicle 

is one that cannot shift lanes to avoid obstacles. This 

dataset is used to directly monitor NLC vehicles. The 

NLC vehicle’s front side also approaches the center 

line and reverses to the center of Lane 5. Given that 

each lane is 11.84 feet wide, the middle line of lanes 

five and four is 47.36 feet away from the observation 

point [27]. 

DLC and NLC cars cannot be distinguished from 

one another before beginning an activity from the 

dataset because DLC is optional and depends on the 

driver’s preferences. While an NLC car is unable to 

alter the current lane, a DLC vehicle can be recognized 

when it crosses it. Therefore, this study employs the 

direct method (graphical method) of trajectory plotting 

by employing MATLAB coding to identify the LC and 

NLC vehicles (Fig. 5). The direct method was 

employed in some traffic studies [27, 28].  

 
Fig. 5 a. Lane-changing vehicle trajectories; b. Considered as lane 

changing; c. Considered as non-lane changing 

 

This study focuses on DLC decisions, where LC 

depends on driver intention but may not always be able 

to tell them apart from car-following intention. It must 

be clear that the driver of the car keeps switching lanes 

when the LC is initiated. Fig. 5(a) shows the SV 

movements before, after, and during LC, where the LC 

start is clearly identified. In Fig. 5(b), the vehicle 

movements during LC are separated from Fig. 5(a). 

Additionally, Fig. 5(c) displays the NLC situation’s 

trajectory. As a result, this study gathers information 

about DLC vehicles from 132 instances after the LC 

activity has begun (123 LC and 9 NLC). 

The SV and FV are in the current lane, and the TRV 

and TFV are in the target lane. Each group contains 

four vehicles. Each vehicle in a group has acceleration, 

longitudinal and lateral velocities. The LC starting, 

finishing, and middle positions of the SV are also 

included in this dataset. The trajectory data can be used 

to determine the LC duration. Using the LC time, the 

average longitudinal velocity and lateral velocity are 

determined. 

 

4. Result Explanation 
The calibration result shows how the modified LC 

trajectory model was improved when GA was applied 

to NGSIM data. The parameters of the trajectory model 

were calibrated to match the actual trajectory. The 

model vehicle positions, therefore, match real vehicle 

positions more closely when calibrated parameters are 

used. 

 

4.1. Lateral Position 

Equation (4) involves the parameters T, Sf,  , and Tf. 

Driver aggressiveness is  , total LC time is Tf, middle 

lateral position of LC is T, and half of the overall 

lateral length is Sf. The NGSIM dataset contains 

intervals for the values of these parameters. The 

midpoint of the lateral positions, maximum lateral 

positions, and total LC time, which are (46.5 ± 0.5) (f),  

(52 ± 1) (f), and (10 ± 5) (s), respectively, in the 
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NGSIM data. 

Because it may not be possible to determine the 

driver’s lateral aggressive behavior using the NGSIM 

dataset, this research analyzes the various ranges of this 

parameter (Table 1) using the RMSE function. The 

highly aggressive driving style is represented by the 

low value of the aggressive parameter because a slow 

driver might find this behavior uncomfortable [10]. As 

a result, this study views the aggressive parameter’s [2, 

8] range as having a lower RMSE value and a larger 

parameter value. 

Every trajectory curve has a different middle 

coordinate because each trajectory has a different LC 

position. Aggressive driving, lazy driving, and normal 

driving behaviors affect the total LC time. Using the 

calibrated parameters, the average RMSE of the lateral 

displacement is found to be 0.93 (f) (Table 2). 

 
Table 1 Test of the lateral aggressive parameter range (Developed 

by the authors) 

Parameter Initial 

range 

Changed (No. of 

the vehicles) 

Calibrated 

range 

RMSE 

(f) 

  [0, 10] 3 [.4, 10] 0.93 

[2, 8] 6 [2, 8] 0.93 

[2.5, 7] 13 [2.5, 7] 0.96 

[3, 6] 17 [3, 6] 0.99 

[3, 7] 25 [3, 7] 0.99 

[4, 6] 33 [4, 6] 1.08 

5 All Simulated 1.93 

 

Table  2 Interval of the parameters (Developed by the authors) 

S. No. Parameter Initial value Unit 

1 Sf  [5, 6.5] Feet 

2   [2,8] None 

3 T [5, 15] Second 

4 Tf [46, 47] Feet 

 

When employing these intervals and excluding five 

vehicle datasets from the calibration technique, the 

average RMSE is 0.76 (f). These five vehicles have 

quite varied trajectories, with two having high-scale 

factors and highly aggressive driving styles and three 

having high-scale factors and very slow driving styles. 

According to the initial characteristics employed, very 

lazy driving and a high scale factor are defined. When 

the aggressive parameter exceeds eight, the driver is 

driving very slowly, and when the scale factor exceeds 

fifty-three, the scale factor in this study is large. 

The vehicle’s lateral displacements along the 

prediction curve and real trajectory scenario of the 

NGSIM dataset are shown in Fig. 6(a). The solid and 

dotted lines, respectively, show the predicted curve and 

actual trajectory of a vehicle (randomly selected from 

123 vehicles). This demonstrates that the parametric 

curve’s lateral displacements are almost identical to 

those of the actual trajectory curve. Fig. 6(b) only 

displays one trajectory-fitted curve. The RMSE value is 

calculated by comparing the measured trajectories with 

the calibrated curves. 

 
Fig. 6 a. Lateral position; b. Root mean square error value of the lateral movements; c. Longitudinal position; d. Root mean square error value 

of the longitudinal movements; e. Curvature value; f. Frequency of the safety gap (Developed by the authors)

 

In Fig. 6(b), the model parameters are calibrated by 

applying the calibration procedure GA. The RMSE 

values of the lateral positions are displayed using 

Equation (10). The lateral position curves were fitted to 

the trajectory planning of 123 LC and 9 NLC vehicles 

after calibrating the parameters. The average RMSE 

value of the calibrated data using all the vehicle 

trajectory data is 0.93 (f) but the average RMSE value 

of the simulated data is 1.93 (f). Thus, Table 2 displays 

these RMSE values. The simulation model uses the 

parameter's average value. 

 



176 

 

4.2. Longitudinal Position 

To match longitudinal trajectories against NGSIM 

datasets, parametric equations (6) and (7) of the 

longitudinal trajectories are employed. These 

equations’ parameters correspond to aggressive driving 

behavior. The NGSIM datasets, which contain LC 

observed trajectories with 123 LC and 9 NLC vehicles, 

were used to calibrate the longitudinal movements. The 

longitudinal position lines are adjusted against the 

actual longitudinal positions of the DLC vehicles. The 

fitting method calibrates the characteristics of 

aggressive driving behavior using the GA. This study 

uses the interval of aggressive driving behavior, as 

stated in Table 3. 

 
Table 3 The interval of aggressive driving behavior 

Parameter Initial 

range 

Changed (No. of 

the vehicles) 

Calibrated 

range 

RMSE 

(f) 

δ1, δ2 [0, 2] 1 [0.55, 2] 2.70 

[.2, 1.8] 1 [0.55, 1.8] 2.71 

[.4, 1.6] 4 [0.55, 1.6] 2.72 

[.5, 1.5] 6 [.5, 1.5] 2.75 

[.6, 1.4] 11 [.6, 1.4] 2.86 

[.8, 1.2] 40 [.8, 1.2] 4.13 

1 All Simulated 19.24 

 

A comparison of the RMSE values for various 

weighted parameter ranges is shown in Table 4. When 

intervals [0, 2] and [.2, 1.8] were used, the RMSE 

value marginally decreased because only one vehicle 

trajectory contained the interval limiting values [.8, 1.2] 

and [.6, 1.4]. They suggest that if we consider a wider 

range, the parameter might rise. The 40 and 11 vehicle 

trajectories, using parameter intervals [.8, 1.2] and [.6, 

1.4], contain the limiting values of the intervals, 

respectively. Additionally, when intervals [.8, 1.2] and 

[.6, 1.4] are employed, the RMSE values are much 

higher than those of the interval [.5, 1.5]. As a result, 

the initial parameters of the calibration approach as 

weighted parameter values are in the interval [.5, 1.5]. 

By comparing actual trajectories, Table 3 also 

displays the average RMSE (18.38 (f)) of the simulated 

longitudinal displacement. The simulated parameter 

values are used in this RMSE formula. Furthermore, 

the calibrated longitudinal position's average RMSE 

value is 2.76 (f) with initial parameters in the interval 

[.5, 1.5]. As a result, the improved model, which used a 

calibration approach to improve these parameters, fits 

real longitudinal movements better. 

Fig. 6(d) illustrates the model’s efficacy by 

comparing the RMSE values of the real and modified 

parametric trajectory data. These outcomes further 

demonstrate that the improved model produces the 

vehicle trajectory with accuracy. The calibrated 

parameters enhance the model’s ability to fit against 

actual data, which includes 123 DLC and 9 NLC 

vehicles. Because each driver generally exhibits a 

varied level of driving aggression along longitudinal 

travel, the parameters of the longitudinal trajectory 

model must be fitted using actual data. Furthermore, 

this behavior parameters differ for each trajectory. 

These tables also include the RMSE values, which 

were computed using the calibrated and simulated 

parameters. The RMSE values of the calibrated and 

simulated lines correspond to the solid and dotted lines, 

respectively, in Fig. 6(d). 

 

4.3. Curvature 

Using Equations (8), (4), and (5), the curvature’s 

maximum value for the longitudinal LC distance 

(approximately 400 feet) is 0.0006 (Fig. 6(e)). It may 

exceed this amount if the longitudinal LC distance is 

less than 400 feet. At the beginning and end of the 

curve, these curvature values are very close to zero (Fig. 

6(e)). [19] concurred that traveling over curves that are 

close to zero at either the starting or finishing points is 

pleasant. This updated trajectory curve’s maximum 

curvature value (Equation (4)) is less than maximum 

curvature value found by [10]. This lateral curve was 

modified in this study using the calibration approach 

(GA). This improved trajectory curve shows that the 

lateral position is more accurate. To further determine 

the continuous curvature, a modified lateral curve and a 

simulated longitudinal line were used. 

The calibrated longitudinal line may be used in 

future studies to measure continuous curvature. [10] 

discovered curvature values (2×10
−4

) at the LC starting 

and ending points; however, a modified trajectory 

curve showed curvature values (less than 6×10
−5

) at 

the same locations. Therefore, at employing the 

improved lateral trajectory curve, the curvature at the 

starting and finishing sites decreases by more than 70%. 

Therefore, this model may be used to calculate the 

safety gap and is effective for a comfortable ride. The 

spots during LC are discovered at 0.93 (f), while the 

simulation model's average RMSE value is 1.94 (f). 

 

4.4. Safety Gap 
Equations (11) and (12) were used by [9] to modify 

the range of the safety gap using TRV and TFV for LC 

trajectory planning. The same equation used to 

calculate the rear safety gap is also used to calculate the 

safety gap between SVs and TRVs following LC. For 

this goal, 123 LC and 9 NLC rear safety gaps were 

collected in this study. The possibility of a rear 

collision between SVs and TRVs exists when the 

distance between them is less than the safety gap. The 

TRV may not collide with the SV if the SV shifts to the 

target lane with the rear safety gap. Fig. 6(f) displays 

the safety gaps. 

The safety gap at the target lane during LC is 

depicted in Fig. 6(f). In the same figure, the vertical 

number denotes the distance between the SV and TRV 

following LC. Negative values are treated as zero 

because they represent a model error and an 

unreasonable value for the gap. The majority of SV 

drivers during LC are aware of the bigger safety gap; 

hence, this aim sums up that the safety gap is more 
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significant for SVs to change lanes [22], [27]. 

 

5. Conclusion  
In DLC driving situation-based traffic software, 

decision models such as logistic regression, game 

theory, machine learning, or deep learning-based 

stochastic models use decision factors such as 

independent and dependent factors. The safety gap 

trajectory is an independent factor, and the DLC 

decision is a dependent factor. When considering the 

longitudinal distance, the curvature values at the lane-

changing (LC) starting and terminating points 

(approximately 400 (f)) are less than 6 × 10
−5

. It might 

grow if the true longitudinal distance is less than 400 

(f). These curvature values are lower than those 

discovered by [10]. The calibration results indicate that 

while the average RMSE value of the simulation model 

is 1.94 (f) the average RMSE value of the lateral 

positions during LC is found to be 0.76 (f) and the 

average RMSE value of the longitudinal positions 

during LC is found to be 0.93 (f). Furthermore, when 

comparing actual trajectories, the average RMSE value 

of the simulated longitudinal displacement is 18.38 (f). 

The average RMSE of longitudinal displacement is 

2.76 (f) after calibration. Decision models can be 

theoretically developed by using the safety gap factor. 

Whereas this study only develops decision models 

without theoretical development and depends on used 

dataset. Further, this study gathers the safety gap for 

subject vehicles at the target-lane using the proposed 

trajectory models. The proposed models can be used in 

future studies to DLC decision. 
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