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ABSTRACT 

In this paper, we propose a panel data-based discrete-continuous modelling framework to analyse 

driver behaviour in two disparate trajectory datasets – one from a heterogeneous disordered (HD) 

traffic stream in India and another from a homogeneous traffic stream in the United States. The 

panel data-based framework allows the analyst to isolate the subject vehicle- and driver-specific 

unobserved factors that influence driver behaviour. Doing so helps reduce the confounding effects 

of such unobserved factors on analysing the influence of observed factors, such as relative speeds 

and spacing between the subject vehicle and other vehicles, on driver behaviour. This also helps 

reduce the confounding effects of unobserved factors on analysing the differences in driving 

behaviour between HD and homogeneous traffic streams. The empirical results reveal both 

similarities and differences in driver behaviour between the two trajectory datasets examined in 

this study. Specifically, in both datasets, in addition to vehicles ahead of the subject vehicle in its 

lane, vehicles ahead in the adjacent lanes were found to influence driver behaviour. However, side 

vehicles were found to influence drivers’ decision-making only in the HD traffic dataset. We also 

examined the suitability of different lengths of influence zones on drivers’ longitudinal movement 

behaviour in both traffic datasets. In this context, a 60 m length influence zone was found more 

suitable than shorter length zones to model driver behaviour in the HD traffic trajectory dataset 

from India. In contrast, a 30 m length influence zone was found more suitable for the homogeneous 

traffic stream trajectory dataset in the United States. Such insights can help improve driver 

behaviour models and traffic simulation frameworks for both traffic conditions. 

 

Keywords: driver behaviour, homogeneous traffic conditions, heterogeneous disordered traffic 

conditions, multi-vehicle anticipation, panel data models 
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1 INTRODUCTION 

In general, traffic flow conditions on uninterrupted traffic facilities across the world can be divided 

into two broad categories, namely, homogeneous traffic flow conditions and heterogeneous 

disordered (HD) traffic flow conditions. Homogeneous traffic flow is typically observed in 

countries such as Australia, the USA, Germany, and the Netherlands, whereas HD traffic flow is 

typically observed in Asian countries such as India, Bangladesh, and Indonesia. The characteristics 

of HD traffic flow tend to be significantly different from those of homogeneous traffic flow. 

Specifically, HD traffic streams comprise a wide variety of vehicle classes (such as passenger cars, 

motorcycles, buses, trucks, three-wheeled auto-rickshaws, and non-motorised vehicles) with 

considerably different physical and operational characteristics. Most of these classes have 

substantial representation in the traffic streams. In contrast, homogeneous traffic streams are 

dominated mostly by passenger cars having similar physical and operational characteristics. 

Moreover, contrary to homogeneous traffic, vehicles in HD traffic exhibit weak to no lane 

discipline, a greater extent of lateral movements, staggered following, and squeezing in gaps 

between vehicles (Asaithambi et al., 2016). Despite the substantial differences in traffic 

conditions, most of the previous studies have investigated driver behaviour either only in HD 

traffic conditions (Amrutsamanvar et al., 2021; Chakroborty et al., 2004; Choudhury and Islam, 

2016; Das et al., 2019; Das and Maurya, 2018; Dey et al., 2008; Kanagaraj and Treiber, 2018; 

Mallikarjuna and Rao, 2011; Mathew et al., 2013; Raju et al., 2021; Raju et al., 2018; Sarkar et 

al., 2020; Venkatachalam and Gnanavelu, 2009) or in homogeneous traffic conditions (Ahmed, 

1999; Bando et al., 1995; Gazis et al., 1961; Gipps, 1981; Koutsopoulos and Farah, 2012; Treiber 

et al., 2000). Limited efforts have been made to model driver behavior in both homogeneous and 

HD traffic streams using a same modeling framework. 

To model the longitudinal movements of a subject vehicle, most available models consider 

stimulus from either a single lead vehicle only (Bando et al., 1995; Gazis et al., 1961; Herman et 

al., 1959; Treiber et al., 2000) or multiple vehicles within the same lane (Bexelius, 1968; 

Hoogendoorn et al., 2006; Lenz et al., 1999; Zhang, 2014). This is because such models are 

developed for homogeneous traffic conditions, where the driver’s focus is typically on the vehicles 

ahead in the same lane unless the driver intends to change lanes. In HD traffic, however, due to a 

lack of lane discipline and a wide variety of vehicle classes, the subject vehicle might be behind 
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more than one vehicle or in between multiple leaders. Therefore, as discussed in previous studies 

(Budhkar and Maurya, 2017; Choudhury and Islam, 2016; Jin et al., 2010; Li et al., 2015; Li et al., 

2016), models that consider a single lead vehicle cannot truly represent the driver behaviour in HD 

traffic conditions. Further, models that consider stimuli from multiple vehicles in the same lane of 

the subject vehicle are also not suitable since recent research (Nirmale et al., 2021) has 

demonstrated that side vehicles and vehicles present in the left front or right front locations with 

respect to a subject vehicle influence its driver’s longitudinal movements in HD traffic conditions. 

Therefore, a model that considers the influence of vehicles that are not only straight ahead but also 

on the sides of the subject vehicle will be suitable to mimic longitudinal movements in HD traffic 

conditions. Intuitively, such a model can potentially be applied for modelling longitudinal 

movements in homogeneous traffic conditions as well since these conditions represent a special 

case of HD traffic conditions.   

Another important point to note is that, in both traffic conditions, most existing models do 

not consider the influence of driver-specific unobserved factors such as age, gender, and 

aggressiveness on driver behaviour. Similarly, vehicle-specific factors such as the engine’s 

kinematic capabilities might cause variations in acceleration and deceleration behaviours across 

different vehicles. These factors remain mostly unobserved because the vehicle trajectory data 

used for building, calibrating, and validating driver behaviour models typically come from videos 

or GPS devices that do not measure such information. However, it is evident from previous studies 

that driver-specific human factors affect driver behaviour. For example, increased driver response 

time was observed for older drivers (Edwards et al., 2003), and aggressive drivers were observed 

to opt for shorter time gaps (Sharma et al., 2020). Hence, accounting for the impact of unobserved, 

driver-specific factors can increase the realism of driver behaviour models. Besides, such 

unobserved heterogeneity, when present but ignored, can potentially confound the other parameter 

estimates of driver behaviour models. This can potentially lead to biased estimation and distorted 

inferences of the influence of typically examined observed factors such as relative speeds and 

space gaps on driver behaviour. 

In this paper, we propose a panel data-based discrete-continuous modelling framework to 

analyse driver behaviour in two disparate trajectory datasets – one from a heterogeneous 

disordered (HD) traffic stream in India and another from a homogeneous traffic stream in the 

United States. The panel data-based model in this study builds on a multi-vehicle anticipation 
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based discrete-continuous choice model proposed by Nirmale et al. (2021) that characterizes 

longitudinal movements of the subject vehicle as a combination of discrete choice (whether to 

accelerate, decelerate, or maintain constant speed) and continuous choice (how much to accelerate 

or decelerate). The panel data-based framework allows the analyst to isolate the subject vehicle- 

and driver-specific unobserved factors (such as age and aggressiveness) that do not vary across 

different observations of a same vehicle but have an influence on the vehicle’s driver behaviour. 

Doing so helps reduce the confounding effects of such unobserved factors on analysing the 

influence of observed factors (such as relative speeds and spacing between the subject vehicle and 

other vehicles) on driver behaviour. This also helps in reducing the confounding effects of 

unobserved factors on analysing the differences in driving behaviour between HD and 

homogeneous traffic streams. Furthermore, Nirmale et al. (2021) did not consider the issue of 

serial correlations that may arise due to correlation across successive observations from the 

trajectory of a vehicle. Such serial correlations, if present (but are ignored by the analyst) can also 

confound the parameter estimates and inferences made from the empirical models. This study 

employs a simple empirical strategy to remove serial correlation (more on this in Section 2.1.2). 

Given that homogeneous traffic streams observed in the US and HD traffic streams 

typically observed in India are distinctively different, it would be interesting and insightful to 

compare and contrast the driver behaviour in trajectory datasets from these two types of traffic 

streams. Literature is devoid of studies investigating and comparing driver behaviour in HD traffic 

and homogeneous traffic streams. To the best of the authors’ knowledge, only one study compared 

driver behaviour in homogeneous and HD traffic conditions (Ravishankar and Mathew, 2011). 

However, the modified Gipps’s model employed in this study lacked the aforementioned features 

specific to HD traffic conditions, such as multi-vehicle anticipation, and the consideration of 

vehicle- and driver-specific unobserved factors. Hence, we compare the influence of various 

factors on car driver behaviour in two trajectory datasets – one from India and one from the US. 

Knowledge of similarities and differences in driver between the two datasets will be useful in 

building behaviourally realistic and robust driver behaviour models. In addition, understanding the 

differences in driver behaviour between the two types of traffic streams might be useful in avoiding 

any pitfalls in understanding and simulating HD traffic flow using models developed for 

homogeneous traffic conditions.  
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It is worth noting here that a comparative analysis of driving behaviour between the two 

different types of traffic streams involves trajectory data from disparate locations. When driving 

behaviour patterns are compared between such disparate datasets, the differences in behaviour may 

be attributed to not only the differences between HD and homogeneous traffic streams but also 

several other possible reasons. The other reasons include, for example, differences in the driver 

population (demographics and driving culture), vehicle characteristics, and other factors such as 

left-side vs. right-side driving, geometric features of roadways, congestion levels, season and 

weather conditions, and time-of-day of data collection. Since many of these factors, such as driver 

population characteristics, are typically unobserved in trajectory datasets, it is useful to control for 

such unobserved effects in analyses involving a comparison of driving behaviour between datasets 

from disparate locations. The panel data models proposed in the study help control for the 

confounding effects of unobserved factors (e.g., subject vehicle- and driver-specific factors) that 

vary across different vehicles in each of the two datasets. However, the models do not help control 

for factors that are different between the two datasets but are not different across the vehicles 

within each dataset. These include, for example, congestion levels and traffic composition in the 

two traffic streams, roadway geometry, and type of facilities. To control for the effects of such 

factors when comparing driving behaviour between HD and homogeneous traffic conditions, it is 

important to analyse a greater variety of trajectory datasets from a larger number of locations 

representing variation in such factors in both HD traffic and homogeneous traffic conditions. 

Despite this limitation of our study, we believe it is helpful to start documenting the differences 

observed in trajectory datasets from different geographies. More such studies in the future with 

additional datasets can help build a repository of findings that might lend themselves to a larger 

meta-study. 

In the rest of this paper, Section 2 discusses the modelling framework and elucidates how 

it is different from that in Nirmale et al. (2021). Section 3 provides an overview of the trajectory 

datasets and model variables. Section 4 presents and discusses the model estimation results. 

Section 5 summarises the main findings of this study and provides future research directions. 
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2 METHODOLOGY 

2.1 Methodological Issues Considered 

2.1.1 Influence zone and multi-vehicle anticipation 

Following Nirmale et al. (2021), we considered a rectangular shaped ‘influence zone’ around each 

subject vehicle (SV), as shown in Figure 1. The vehicles within this zone are considered to 

influence the SV’s driver behaviour, as opposed to a single lead vehicle. For HD traffic conditions, 

since data come from a three-lane arterial, road boundaries on either side are approximated as the 

edges of a rectangular-shaped influence zone. For homogeneous traffic conditions, since data come 

from a six-lane highway, the sum of the width of immediate lanes on the left and right sides of the 

subject vehicle and the width of the current lane of the vehicle (i.e., a width of three lanes) is 

considered as the width of the influence zone. For both traffic conditions, the rectangular influence 

zone is divided into the following five compartments: middle front (MF), left front (LF), right front 

(RF), right side (RS), and left side (LS) (refer to Figure 1). The labeling of surrounding vehicles 

in each of these compartments – MF1, MF2, LF1, RF1, LS1, and RS1 – is done as depicted in the 

legend of Figure 1.  

We have also considered the impact of the third vehicle in the middle front compartment 

(MF3), the second vehicle in the left front compartment (LF2), the second vehicle in the left side 

compartment (LS2), and the second vehicle in right side compartment (RS2). Our initial estimation 

results indicated that these vehicles did not influence the driver’s microscopic behaviour, and 

hence, these vehicles were not considered in subsequent analysis. 

Next, we need to determine a suitable length of the influence zone for each of the two 

traffic streams. Literature suggests that vehicles in 30 m to 60 m range of an SV are likely to 

influence its driver behaviour (Herman and Potts, 1959; Kanagaraj et al., 2015; Panwai and Dia, 

2007; Punzo et al., 2011; Sarkar et al., 2020; Sharma et al., 2018; Subramanian, 1996). Nirmale et 

al. (2021) considered an influence zone length of 30 m in their empirical analysis of driver 

behaviour in HD traffic streams. However, not much guidance exists on what length of the 

influence zone is suitable for each of HD and homogeneous traffic conditions. In this context, the 

differences in the characteristics of the two traffic streams may lead to a difference in the lengths 

of influence zones considered by their respective drivers. Therefore, to better understand the 

differences in driver behaviour, it is worth investigating the appropriate size of the influence zones 
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in the two traffic streams. To this end, in this study, we relax the assumption of a fixed-length 

influence zone and investigate three different lengths of influence zones – 30 m, 45 m, and 60 m 

– for both traffic streams.  

 
Figure 1 Structure of a rectangular influence zone around a subject vehicle (source: Nirmale et al., 2021)  

Note here that, regardless of the length, the influence zone gets trimmed accordingly when 

the subject vehicle is at the extreme left or right edge of the road. For instance, the influence zone 

has only three compartments – MF, RF, and RS – when the SV is at the extreme left edge of the 

road. Further, the back edge of the influence zone follows the SV’s back bumper (see Figure 1).  

In this study, an SV’s driver behaviour at any time instance is characterised as a 

combination of discrete and continuous choices. The discrete choice comprises the manoeuvring 

decision of whether to accelerate, decelerate, or maintain a constant speed. If the driver decides to 

accelerate (decelerate), the continuous choice involves the extent of acceleration (deceleration). 

This is because not all the factors influencing the discrete choices might influence the continuous 

choices or vice versa, and the cognitive efforts needed to make the decision of whether to 

accelerate or decelerate might be different from that of how much accelerate or decelerate (Nirmale 

et al., 2021). At the same time, drivers make both the discrete and continuous choices jointly, and 

several common unobserved factors specific to drivers, vehicles, and the traffic environment might 

influence both discrete and continuous decisions. Therefore, it is useful to model these decisions 

jointly while recognising the correlations (or dependencies) between the discrete and continuous 
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choice modelling components. While these conjectures have been corroborated in the context of 

HD traffic conditions in Nirmale et al. (2021), the current study examines the conjectures for 

homogeneous traffic conditions also.  

2.1.2 Serial correlation  

Methodological considerations new in this study (not considered in Nirmale et al. model) are two-

fold: (a) serial correlation among successive observations (time series) of the same SV, and (b) 

SV- and driver-specific unobserved factors that influence driver behaviour and persist across all 

observations of a given SV (thereby necessitating the use of panel data models).  

Serial correlation due to the similarity of the traffic environment between temporally 

proximate observations is unavoidable in time series data such as vehicle trajectory data. If such 

serial correlation exists and is ignored, the standard errors of the parameter estimates tend to be 

underestimated. As a result, the tendency to reject the null hypothesis for estimated parameters – 

when it should not be rejected – increases. To address the serial correlation issue in each of the 

HD and homogeneous traffic conditions datasets, we estimated linear regression models on the 

observed accelerations in the trajectory data (treating the values of acceleration, deceleration, or 

near-zero accelerations for vehicles in constant speed as arising from a single normal distribution) 

and calculated the residuals using these regression models. We used these residuals to conduct the 

widely used Durbin-Watson test for serial correlation. The Durbin-Watson test statistic ( )DW  for 

a given trajectory dataset is calculated using the following expression (Durbin and Watson, 1950): 

 
( )

( )

2

1
1 2

2

1 2

q

q

NQ

qn qn
q qn

NQ

qn
q qn

e e
DW

e

−
= =

= =

−
=
∑ ∑

∑ ∑
 (1) 

where, qne  is the residual from the regression equation for the thqn data point in a time series of 

trajectory data for a subject vehicle q ; qN  is the number of data points in the time series for the 

subject vehicle q ; and Q  is the number of vehicles. The hypotheses generally considered in the 

Durbin-Watson test are as follows – null hypothesis 0( )H : zero serial correlation in the residuals, 

alternative hypothesis ( )AH : residuals have a serial correlation. The upper critical values ( )udw  

and lower critical values ( )ldw  used to conduct the test are available from standard statistics books 



 

8 

 

(Gujarati et al., 2012; Wooldridge, 2012) for different values of significance level and the number 

of explanatory variables (degrees of freedom) in the regression model. The possible outcomes from 

the Durbin-Watson test are the following: do not reject 0H  if  uDW dw>  (i.e., serial correlation is 

insignificant); reject 0H  if lDW dw<  (i.e., serial correlation is significant); and inconclusive test 

if l udw DW dw≤ ≤ .  

When we applied the Durbin-Watson test for the trajectory data that retained observations 

of all time steps of each subject vehicle, we found that lDW dw<  at 95 % confidence level in both 

HD and homogeneous datasets, indicating that the residuals of data from one time step were 

correlated to those form the subsequent time steps (i.e., the observed acceleration data 

demonstrated serial correlation). Therefore, we selected the data points from the time series of 

each vehicle, removing the consecutive data points in the time series until the residuals were found 

to be not correlated according to the Durbin-Watson test. In both HD and homogeneous datasets, 

we found that serial correlation was not significant when we selected data points that were at least 

2.5 seconds apart from each other for each subject vehicle.1 Since the model parameters are 

estimated using individual data points in the trajectory (as opposed to complete trajectories), this 

simple approach obviates the need for sophisticated methods to deal with serial correlation. 

2.1.3 Panel effects 

Even after removing serial correlation, SV- and its driver-specific unobserved factors (such as 

vehicle engine performance and driver characteristics) that influence the SV’s microscopic 

movements might persist over time and cause correlation across the different observations of an 

SV. Such unobserved factors necessitate the use of panel data modelling approaches, as opposed 

to the cross-sectional data models used in most other driver behaviour studies that employ 

statistical models on vehicle trajectory data. It is worth noting that such panel data effects due to 

SV- and driver-specific unobserved factors might persist even after accounting for dependencies 

between the discrete and continuous choice components due to common unobserved factors that 

vary across the different observations of an SV. The current study accommodates dependencies 

                                                 
1 When all datapoints in the trajectories were considered, the DW statistic values for the HD and homogeneous datasets 
were 1.335 and 0.502, respectively, which were smaller than the corresponding lower critical value (1.957). When we 
selected data points that were at least 2.5 seconds apart from each other for each subject vehicle, the DW statistic 
values for the HD and homogeneous datasets were 2.0010 and 2.140, respectively, which were greater than the 
corresponding upper critical value (1.966). 
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due to unobserved effects at both levels – (a) dependencies between discrete and continuous choice 

components at the level of each observation (at a given time instance) of an SV and (b) panel 

effects due to unobserved factors at the level of the SV. A copula-based method is used for the 

former, and random effects are specified for the latter, as discussed below.  

2.2 Joint Discrete-Continuous Modelling Framework: Formulation and Estimation  

Let q  denote a subject vehicle (SV) and let i  denote its driver’s manoeuvring choice alternatives 

( a =  accelerate, d =decelerate, s =maintain constant speed) at a time instance t . Using these 

notational preliminaries, consider the following set of equations used to model the discrete and 

continuous choices of drivers: 

 *   ; , ,T
qit i qit qi qi qitu x i a d sβ ω ψ ε= + + + =  (2) 

   ; ,qit i qi
T

qi it tq qi i a dm z ηξα ω± + == +  (3) 

In Equation (2) above, *
qitu  is the utility that the driver of the thq  vehicle perceives from choosing 

a manoeuvring decision i  at time t ; qitx  is a column vector of observed traffic environment 

variables that influence the utility for discrete decision i  and  iβ  is the corresponding coefficient 

vector. Equation (3) represents regression equations for qitm , the extent of acceleration or 

deceleration conditional on whether the driver decides to accelerate ( i a= ) or decelerate ( i d= ). 

qitm  is mapped to observed traffic environment variables ( )qitz  influencing the extent of 

acceleration or deceleration through the coefficient vector iα .  

The remaining terms in Equation (2) and Equation (3) are random error components. 

Among these, qiω , qiψ , and qiξ  are normally distributed error components with mean zero and 

variances 2
iωσ , 2

iψσ , and 2
iξσ , respectively. These three error components represent the SV- and 

driver-specific unobserved factors that do not vary across the different observations of an SV and 

influence the decisions of the driver. The qiω  terms ( ,i a d= ) capture such SV- and driver-specific 

factors that influence both the discrete and continuous decisions, the qiψ  terms ( , ,i a d s= ) capture 

the factors that influence the discrete choice decisions only, and  qiξ  ( ,i a d= ) capture the factors 
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that influence the continuous choices only. Note that the qiω  terms which enter Equation (2) also 

enter Equation (3). The same qiω  terms enter the two sets of equations because these capture the 

SV- and driver-specific unobserved factors that influence both the discrete and continuous 

decisions (i.e., these factors are common to both the discrete and continuous choice equations). 

For example, driver aggressiveness, age, gender, etc., may be such unobserved factors that 

influence both discrete and continuous choices and cause a correlation between the corresponding 

equations. These qiω  terms enter with a ‘± ’ sign in Equation (3), because the underlying 

correlation between the discrete and continuous components due to unobserved factors  qiω  may 

be +ve or –ve. The specific sign can be decided empirically. A ‘+ ’ sign implies that the 

unobserved factors that increase (decrease) the propensity for taking a discrete decision i  also 

increase (decrease) the extent of that decision. On the other hand, a ‘− ’ sign implies that the 

unobserved factors qiω  that increase (decrease) the propensity for taking a discrete decision i  also 

decrease (increase) the extent of that decision. Finally, qitε  ( , ,i a d s= ) and qitη  ( ,i a d= ) represent 

unobserved factors assumed to be independent and identically distributed across the manoeuvring 

choice alternatives and across SVs. The qitε  terms are assumed to be standard Gumbel distributed 

and the qitη terms are assumed to be normal distributed with mean zero and variance 2
iησ . 

Recall that the qiω  terms appear in both Equations (1) and (2) to generate dependencies 

between the discrete and continuous choice components of a driver, due to unobserved factors that 

do not vary across observations of an SV. In addition to these SV- or driver-specific effects, qitε  

and qitη  could be correlated because of correlations between time-varying factors influencing the 

discrete and continuous choices. To capture such dependencies between qitε  and qitη , we 

employed copulas as in Nirmale et al. (2021). For more details on Copula functions, refer to Bhat 

and Eluru (2009).2 

                                                 
2 As an alternative to couplas, we explored introducing time varying common error components in Equations (2) and (3) to generate 
dependencies between discrete and continuous model components. Such an approach leads to likelihood functions that involve 
computationally intensive bi-level integrals (see Bhat and Castelar, 2002) due to the presence of error components at two different 
levels – (1) one set of error components at the observation level to represent unobserved factors that vary across time instances and 
(2) another set of error components at the SV level to represent unobserved factors that do not vary across time instances. However, 
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 We assume that a driver of the subject vehicle q  chooses a manoeuvring decision i  that 

offers the maximum utility among all manoeuvring decisions ( , ,j a d s= ), as expressed below: 

 
{ }

* *

, , ,

*

, , ,

*

, , ,

 max

 max

 max

qit qjtj a d s j i

T
i qit qi qi qit qjtj a d s j i

T
qit qjt i qit qi qij a d s j i

T
qit i qit qi qi

u u

x u

u x

v x

β ω ψ ε

ε β ω ψ

β ω ψ

= ≠

= ≠

= ≠

>

+ + + >

− > − − −

> − − −

 (4) 

 { }*

, , ,
where, maxqit qit qjtj a d s j i

v uε
= ≠

= −   

Equation (3) represents a multinomial discrete choice model. Conditional on the error components 

qiω  and qiψ , since the qitε  terms are assumed as IID Gumbel distributed, it results in a multinomial 

logit (MNL) conditional likelihood expression for the discrete choice component.  

 To estimate the model parameters, let ic  be the parameter vector that stacks the iβ  and iα  

vectors. The individual model components described earlier are brought together, and the joint 

likelihood expression of all observations of an SV q  over different time instances 1, 2,...,t T=  

conditional on qiω , qiψ , and qiξ  is provided below:   

( )
( )( )

( )( )1 1

 
 

| ,  
|

,

qit

I

q
t i q

T
T qit i qit qi

i

qi

i qi qi qi T
qit i qit qi qit

P
L i j

P m

v x
c

v x

δ
β ω ψ

ω ψ ξ
β ω ψ= =

  ×  = ∀ ≠  
  

+



> −

+ +


+

> −
∏ ∏   (5) 

where,  1 qitδ =  if the driver of the thq  vehicle chooses an alternative i  at time t , otherwise 0.qitδ =  

I represents the total number of discrete choice alternatives. Given the assumptions made earlier 

in the discussion, Equation  (5) can be expressed as below:  

( ) ( ) ( )1 2

1 1 2

,1 1  | , ,
qii iI

qit i qit qt qt
q i i

t i i i

TT
qi qi

i qi qi qi
qt

m z C u u
L

u
c θ

η
η η

δ

ξ
α

φω
σ

ξ

σ

ω
ψ

= =

    − ∂    = −
∂

±
          

+
∏ ∏  (6) 

                                                 
we found that using the copula functions to capture correlations at the observation level and common random error coponents to 
capture SV-level effects resulted in a model that was much less computationally intensive (because one level of simulation-based 
integration is obviated by the use of copulas) and yielded better goodness of fit to data. 
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In the above expression, Cθ  is a copula function, ( ).iηφ  is the standard normal probability density 

function. 1
i
qtu  is expressed as below (since the discrete choice component, conditional on qiω  and 

qiψ , takes a multinomial logit form):    

 
( )

( ) ( )
1

exp
,

exp exp l
1

n exp

T
i qit qi qi

T T
i qit qi

i

qi j qjt qj qj
i

t

j

q

x

x
u

x

β ω ψ

β ω ψ β ω ψ
≠

= −
+ +

 
+ + + + + 

 
∑

  (7) 

and 2
i
qu  is expressed as below:   

 ( )
2 ,

T
qt iqi i qiti

q
i

qi
t

m z
u

η

ωα
σ

ξ± −
 = Φ
 

+
 

  (8) 

where, ( ).Φ  is a standard normal cumulative density function. Integrating the conditional 

likelihood ( )| , ,i qi qi qiqL c ω ψ ξ  over the distributions of qiω , qiψ  and qiξ  results in the following 

unconditional likelihood for a driver of the vehicle q :  

( ) ( ) ( ) ( ) ( )2 2 2 2 2 2

, ,
, , , | , , ; ; ;

qi qi qi
i i i i i qi qi qi i i iq q q i qi i i i iL c c d d dLω ψ ξ ω ψ ξω ψ ξ
σ σ σ ω ψ ξ φ ω σ φ ψ σ φ ξ σ ω ψ ξ= ∫  (9) 

Note that the vector ic , 2
iωσ , 2

iψσ , and 2
iξσ  are the population-level parameters to be estimated. The 

multivariate integral in the likelihood function of Equation (9) may be simulated to result in the 

following simulated likelihood function as an estimator of ( )2 2 2, , ,i i i iq cL ω ψ ξσ σ σ : 
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where, r
qiω , r

qiψ , and r
qiξ  are the thr draws from the distribution of  qiω , qiψ , and qiξ , 

respectively, and R  is the total number of draws covering the distributions. Note that r
qiψ  is not 

visible in Equation (10), but it enters through the 1
i
qtu  terms. The simulated log-likelihood 

expression for a sample of Q  subject vehicles ( ) 1, 2, ,q Q= …  may be written as: 



 

13 

 

 ( ) ( )( )2 2

1

2 ,ln, , , , ,i i i i i qi qi
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qS cLL SLc ω ψ ξσ σ σ ω ψ ξ
=

=∑  (11) 

The above simulated log-likelihood function is maximised to estimate the model parameters 

( )2 2 2, , ,i i i ic ω ψ ξσ σ σ . In this study, we used R = 500 Halton draws (Bhat, 2003) to simulate the 

distributions of  { , , }qi qi qiω ψ ξ  for computing ( )2 2 2, , ,i i i iSL cL ω ψ ξσ σ σ .  

3 DATASETS AND VARIABLES CONSIDERED IN THE MODEL 

3.1 Empirical Datasets  

The proposed discrete-continuous modelling framework was applied to two different datasets – 

one from a homogeneous traffic stream and another from an HD traffic stream. For homogeneous 

traffic trajectory data, we used the reconstructed NGSIM I80-1 dataset (Montanino and Punzo, 

2013; Montanino and Punzo, 2015; Punzo et al., 2011). This NGSIM data were collected on 

eastbound I80 in the San Francisco Bay area in Emeryville, California. The study area was 

approximately 500 m in length and consisted of six freeway lanes. For HD traffic conditions, we 

used a vehicular trajectory dataset from an urban arterial stretch of 245 m in Chennai, India, 

originally processed by Kanagaraj et al. (2015). Both trajectory datasets include time series of 

vehicle positions (longitudinal and lateral), speeds, and acceleration/deceleration values. The time 

resolution in NGSIM and Chennai datasets is 0.1 s and 0.5 s, respectively.  

To analyse a driver’s decisions at a time instance t , we considered a variety of traffic 

environment variables at t τ− s as independent variables representing the potential stimuli where 

τ  is the update time. To determine τ , exploratory linear regression models of the observed 

acceleration values as a function of traffic environment variables were estimated considering 

different update time values ranging from 0.1 s to 2.0 s. This study adopts the update time of 0.7 s 

and 0.5 s for homogeneous traffic conditions and HD traffic conditions, respectively, since these 

resulted in the best model fit and the most intuitive interpretation of the parameter estimates for 

the exploratory regression models. 
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3.2 Descriptive Statistics 

For each of the two traffic conditions, we considered the same observations of the subject vehicles 

across different datasets created using 30 m, 45 m, and 60 m of influence zone lengths ahead of 

the subject vehicle. As a result, data on the dependent variables do not differ across these three 

datasets, but the explanatory variables do. This allows us to statistically compare the model 

estimated on these datasets. Table 1 provides key descriptive statistics of the processed trajectory 

datasets. The first set of descriptives corresponds to the percentages of instances vehicles have 

been observed to be in acceleration, deceleration, and constant speed states. Note that most 

trajectory datasets do not show a probability mass of exactly zero acceleration (to identify the 

percentage of constant speed instances). Therefore, following Nirmale et al. (2021), we considered 

vehicles to be in a constant speed state if their acceleration value was in the range [-0.1 m/s2, +0.1 

m/s2]. We also considered Ozaki’s (1993) definition that a vehicle would be in a constant speed 

state when its acceleration is within [-0.05g, +0.05g], where g = 9.8 m/s2. However, exploratory 

empirical models using both datasets offered much better intuitive interpretations with the former 

definition. Therefore, the former definition was retained for all subsequent analyses. 

According to the above-discussed definition, the percentages of acceleration, deceleration, 

and constant speed state in the NGSIM dataset are 39.0 %, 37.6 %, and 23.4 %, respectively. The 

corresponding percentages in the Chennai dataset are 41.1 %, 46.3 %, and 12.6 %. Clearly, the 

percentage of the times vehicles were observed to be in a constant speed state is higher in 

homogeneous traffic conditions. This is perhaps because of orderly traffic due to lane discipline, 

lower rates of lateral movements, and greater space availability due to six freeway lanes in the 

homogeneous traffic situation (as opposed to relatively less orderly traffic on an urban arterial of 

only three lanes in the HD traffic situation). The average acceleration values (when vehicles 

accelerated) and deceleration values (when vehicles decelerated) are also higher in the 

homogeneous traffic dataset than those in the heterogeneous dataset. The standard deviations of 

observed acceleration and deceleration values, however, are smaller in the homogeneous traffic 

dataset. As can be observed from the table, in most instances, the subject vehicle in HD traffic 

conditions has at least one vehicle in the left front compartment, possibly because cars in India 

tend to travel on the right side of the road. Also, note that the average longitudinal speed of the 

subject vehicle, longitudinal space gap, and longitudinal speed difference with respect to MF1 
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vehicle is higher in the homogeneous traffic conditions than in HD traffic conditions. All these 

differences will likely have a bearing on the model estimation results. 

Note that the mean space gaps with respect to LF1 are higher in HD traffic streams than 

those in homogeneous traffic streams, whereas mean space gaps with respect to RF1 are lower in 

HD traffic streams than in homogeneous traffic steams. This could be because of the differences 

in traffic rules followed in India and USA. In India, fast-moving vehicles travel on the right side 

of the road, whereas in the USA, they travel on the left side. As a result, traffic volumes in the 

right lanes are likely to be greater than traffic volumes in the left lanes in the Indian context 

(assuming that the speeds are not near the free-flow regime). Therefore, in the Indian context, the 

space gap of a subject vehicle with respect to a vehicle in the RF1 position is likely to be smaller 

than that in LF1. 

Furthermore, generally, lateral gaps between vehicles are expected to be smaller for HD 

traffic streams than for homogenous traffic streams. This trend can be observed in the reported 

descriptive statistics. However, the mean lateral gap between MF1 and LF1 and that between MF1 

and RF1 in HD traffic is only slightly smaller than the mean lateral gap in homogenous traffic 

stream (when a car is a subject vehicle). This may be due to the low traffic volume and low density 

observed in the Chennai trajectory dataset, i.e., only 6010 vehicles/hr and 370 vehicles/km for a 

three-lane urban arterial road. As the volume and density are low, higher lateral gaps among 

vehicles may be observed than what may be expected in more congested HD traffic streams. 
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Table 1 Descriptive statistics of explanatory variables corresponding to different lengths of influence zones for both homogeneous and HD traffic datasets*. 

Variables 
Homogeneous traffic conditions Heterogeneous disordered traffic conditions 

Length of the influence zone ahead of the subject vehicle Length of the influence zone ahead of the subject vehicle 
30 m 45 m 60 m 30 m 45 m 60 m 

Discrete variables Percentage Percentage Percentage Percentage Percentage Percentage 
Dependent variable at t s       
Acceleration decision  39.0 39.0 39.0 41.1 41.1 41.1 
Deceleration decision 37.6 37.6 37.6 46.3 46.3 46.3 
Maintain same speed decision  23.4 23.4 23.4 12.6 12.6 12.6 

Vehicles in different compartments of the influence zone        
Subject vehicle has one or more vehicles in the MF compartment  100 100 100 100 100 100 
Subject vehicle has two or more vehicles in the MF compartment  40.0 75.1 86.8 38.0 65.8 77.9 
Subject vehicle has one or more vehicles in the LF compartment  78.0 83.8 86.0 88.2 92.7 94.3 
Subject vehicle has one or more vehicles in the RF compartment  73.7 79.2 81.0 49.0 54.7 57.2 
Subject vehicle has one or more vehicles in the LS compartment  38.5 38.5 38.5 47.3 47.3 47.3 
Subject vehicle has one or more vehicles in the RS compartment  38.0 38.0 38.0 22.2 22.2 22.2 

Continuous variables Mean (Std. dev.) Mean (Std. dev.) Mean (Std. dev.) Mean (Std. dev.) Mean (Std. dev.) Mean (Std. dev.) 
Dependent variable at t s       

Acceleration (m/s2) 0.81 (0.63) 0.81 (0.63) 0.81 (0.63) 0.13 (0.99) 0.13 (0.99) 0.13 (0.99) 
Deceleration (m/s2) -0.87 (0.74) -0.87 (0.74) -0.87 (0.74) -0.17 (0.95) -0.17 (0.95) -0.17 (0.95) 

Subject vehicle (SV) characteristics at t τ− s       
Speed in longitudinal direction (m/s) 7.82 (2.91) 7.82 (2.91) 7.82 (2.91) 6.07 (1.28) 6.07 (1.28) 6.07 (1.28) 

Stimuli from MF1 (first vehicle in MF) at t τ− s       
Space gap in longitudinal direction (m) 13.63 (6.40) 13.63 (6.40) 13.63 (6.40) 13.87 (7.30) 13.87 (7.30) 13.87 (7.30) 
Relative speed in longitudinal direction (m/s) 0.01 (1.38) 0.01 (1.38) 0.01 (1.38) 0.01 (1.42) 0.01 (1.42) 0.01 (1.42) 

Stimuli from MF2 (second vehicle in MF) at t τ− s       
Space gap in longitudinal direction (m) 22.83 (4.81) 29.26 (8.21) 32.15 (10.70) 20.89 (6.03) 27.57 (9.47) 31.26 (12.35) 
Relative speed in longitudinal direction (m/s) 0.09 (1.70) 0.09 (1.82) 0.10 (1.89) 0.07 (1.49) 0.02 (1.50) 0.01 (1.52) 

Stimuli from LF1 (first vehicle in LF) at t τ− s       
Space gap in longitudinal direction (m) 10.68 (7.39) 12.46 (9.73) 13.46 (11.43) 8.61 (6.89) 9.92 (8.97) 10.64 (10.41) 
Lateral gap between MF1 and LF1 (m) 2.03 (1.13) 2.02 (1.11) 2.02 (1.11) 2.21 (1.36) 2.20 (1.36) 2.19 (1.36) 
Relative speed in longitudinal direction (m/s) 1.72 (4.50) 1.98 (4.72) 2.14 (4.86) -0.47 (1.58) -0.47 (1.59) -0.47 (1.59) 

Stimuli from RF1 (first vehicle in RF) at t τ− s       
Space gap in longitudinal direction (m) 10.39 (7.27) 12.19 (9.69) 13.06 (11.21) 10.89 (8.12) 13.52 (10.99) 15.23 (13.37) 
Lateral gap between MF1 and RF1 (m) 1.50 (1.28) 1.63 (1.25) 1.68 (1.23) 1.67 (1.37) 1.80 (1.37) 1.87 (1.37) 
Relative speed in longitudinal direction (m/s) -0.13 (3.40) -0.04 (3.41) -0.01 (3.42) 0.30 (1.65) 0.28 (1.68) 0.25 (1.70) 

Stimuli from LS1 (first vehicle in LS) at t τ− s       
Space gap in lateral direction (m) 2.02 (0.96) 2.02 (0.96) 2.02 (0.96) 2.17 (1.17) 2.17 (1.17) 2.17 (1.17) 
Relative speed in longitudinal direction (m/s) 0.99 (3.96) 0.99 (3.96) 0.99 (3.96) -0.48 (1.70) -0.48 (1.71) -0.48 (1.70) 

Stimuli from RS1 (first vehicle in RS) at t τ− s       
Space gap in lateral direction (m) 2.00 (0.99) 2.00 (0.99) 2.00 (0.99) 1.64 (0.94) 1.64 (0.94) 1.64 (0.94) 
Relative speed in longitudinal direction (m/s) -0.33 (3.37) -0.33 (3.37) -0.33 (3.37) 0.24 (1.63) 0.24 (1.63) 0.24 (1.63) 

Road geometry characteristics at t τ− s       
Space gap between left edge of SV and left edge of the road (m) 11.02 (6.06) 11.02 (6.06) 11.02 (6.06) 6.30 (1.89) 6.30 (1.89) 6.30 (1.89) 

Number of vehicles  522 760 
Number of observations 8728 6914 

*Mean and standard deviation of variables with respect to surrounding vehicles are calculated when vehicles are present in the respective compartment. 
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4 MODEL ESTIMATION RESULTS AND DISCUSSION 

The following statistical specifications were explored in this study on both traffic conditions: (a) 

independent discrete and continuous choice models without any dependencies, (b) joint discrete-

continuous choice models with different types of copulas – Frank, Gaussian, FGM, Gumbel, 

Clayton, Joe, and AMH – to capture dependencies at the observation level, without considering 

panel effects or dependencies due to driver-level unobserved factors, (c) joint discrete-continuous 

choice models with copulas to capture observation-level dependencies and random error 

components to consider panel effects and dependencies due to driver-level unobserved factors. In 

addition, three different lengths of influence zones – 30 m, 45 m, and 60 m – were also considered 

for both datasets. The best fit models were decided by comparing goodness of fit measures such 

as AIC, BIC, and adjusted rho-squared values. In addition, the log-likelihood ratio test was 

employed whenever suitable.  

Among all the models examined, the model with a Frank copula specification, driver-level 

unobserved effects, and 30 m length of the influence zone provided the best fit to the homogeneous 

traffic dataset. Whereas the model with a Frank copula specification, driver-level unobserved 

effects, and 60 m length of the influence zone provided the best fit to the HD traffic dataset. Note 

that while estimating the models, we considered explanatory variables (such as space gaps, relative 

speeds, and lateral gaps) corresponding to all vehicles present in a subject vehicle’s influence zone. 

We found that models that considered explanatory variables with respect to two vehicles in the 

middle front compartment (MF1 and MF2), one in each of the left front and right front 

compartments (LF1 and RF1), and one on either side of the subject vehicle (LS1 and RS1) resulted 

in the most behaviourally consistent parameter estimates (refer to Figure 1 for the meanings of 

vehicle labels such as LF1 and RF1). Table 2 provides the parameter estimates of the final 

empirical specifications (from the standpoint of data fit and behavioural consistency) for both 

traffic conditions – considering a 30 m influence zone for the homogeneous traffic dataset and a 

60 m influence zone for the HD traffic dataset. Table A.1 and Table A.2 in Appendix A provide 

parameter estimates corresponding to the other influence zones for both traffic streams.  
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4.1 Similarities in Statistical Specifications 

For the dependencies between discrete and continuous choice decisions at the observation level, 

the copula parameter estimates had a negative sign in both datasets. This result suggests that the 

time-varying unobserved factors that increase (decrease) a driver’s tendency to accelerate or 

decelerate also decrease (increase) driver’s tendency to accelerate more or decelerate more. 

Although the same finding was reported and explained by Nirmale et al. (2021) from the HD traffic 

dataset, this study reveals negative dependencies in the homogeneous traffic dataset as well.  

 For the dependency due to unobserved factors at the driver level, we explored both positive 

and negative correlations and found that the model with positive correlations yielded a much better 

fit in both datasets. This implies that the driver-level unobserved factors that increase (decrease) a 

driver’s propensity to accelerate also increase (decrease) the extent of acceleration by the driver. 

For instance, careful drivers are less likely to accelerate frequently, and they also accelerate less 

(i.e., do not accelerate more) when they accelerate. 

The scale parameter estimates of the random error components qiψ  that capture panel 

effects due to driver-specific unobserved factors on discrete decisions separately are statistically 

significant in both datasets. However, the scale parameter estimates of the qiξ  terms that capture 

panel effects on continuous decisions (extent of acceleration or deceleration) separately are not 

significant in either dataset. This suggests that most of the driver-specific unobserved factors 

influencing the continuous decisions (extent of acceleration or deceleration) are already captured 

in the random error components ( qiω ) common to discrete and continuous decisions.  

It is worth noting here that independent discrete and continuous choice models, which 

ignored the above-discussed dependencies and panel effects, resulted in inflated t-statistics and 

overestimated the influence of different traffic environment variables in both datasets. The 

consistency of these results between two different datasets from disparate traffic conditions 

suggests that statistical specification is an important issue in the context of parameter estimation 

(aka, calibration) of driver behaviour models. Since most vehicle trajectory datasets pose a panel 

data setting, the analyst cannot ignore the role of unobserved factors at either the observation level 

or the driver level.    
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4.2 Similarities in Driver Behaviour 

The empirical models on both datasets support the stimulus-response theory used in most driver 

behaviour models in those stimuli such as relative speeds and spacing with respect to lead vehicles 

ahead (in the same lane) of the SV influence its driver’s decisions. Specifically, the number of 

statistically significant parameters and the corresponding t-statistics indicate that for both models, 

the first lead vehicle (MF1) ahead of SV has the strongest influence on SV’s driver behaviour, 

followed by the second lead vehicle (MF2) in the same lane except the acceleration decision case 

in HD traffic condition. Another interesting similarity is that vehicles in lanes adjacent to that of 

the SV – at least those in the LF and RF compartments – influence driver behaviour in both traffic 

conditions. This finding challenges a tacit assumption made by previous studies that SVs respond 

to stimuli from leaders in the same lane only. Further, in both datasets, not all factors that influence 

the discrete decisions influence the continuous decisions and vice versa. This finding supports the 

conjecture that the factors considered and cognitive efforts involved in deciding whether to 

accelerate, decelerate, or maintain constant speed are not necessarily the same as those in deciding 

how much to accelerate or decelerate. 

4.3 Differences in Driver Behaviour 

4.3.1 Differences in the size of the influence zone 

As mentioned earlier, influence zones of lengths 30 m and 60 m provided the best fit for 

homogeneous and HD traffic datasets, respectively. This can be observed in all metrics used for 

the evaluation of model fit, including AIC, BIC, and adjusted Rho-square values. These results 

imply that a single length of influence zone is not suitable to describe driver behaviour in both 

homogeneous and HD traffic streams.  
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Table 2 Estimation results of the joint models on both homogeneous and HD traffic datasets 

Explanatory variables 
Model on homogeneous traffic conditions (influence zone length = 30 m) Model on heterogeneous traffic conditions (influence zone length = 60 m) 

Discrete choice# Continuous choice*  Discrete choice# Continuous choice*  
Accn Dccn Accn Dccn Accn Dccn Accn Dccn 

Constant -0.015 (-0.10) -0.228 (-1.54) 0.883 (16.55) 0.998 (13.50) 1.992 (5.27) -0.946 (-2.45) 1.121 (11.94) -0.067 (-0.69) 
Subject vehicle's speed in longitudinal direction (m/s) 0.019 (1.26) 0.080 (6.18) -- 0.021 (4.29) -0.144 (-4.36) 0.210 (7.39) -0.025 (-2.86) 0.078 (12.11) 
Space gap in longitudinal direction w.r.t. MF1 (m) 0.017 (2.76) -0.017 (-2.89) 0.006 (2.94) -0.003 (-1.24) 0.021 (2.97) -0.017 (-2.52) 0.003 (1.60) -0.004 (-2.62) 
Relative speed in longitudinal direction w.r.t. MF1 (m/s) 0.415 (14.51) -0.381 (-13.67) 0.068 (5.85) -0.060 (-4.85) 0.077 (4.08) -0.081 (-4.12) 0.025 (5.19) -0.004 (-0.86) 
Subject vehicle has 2 or more lead vehicles in MF compartment** -0.204 (-3.12) -- -- 0.466 (4.34) -- 0.332 (3.84) -- -- 
Space gap in longitudinal direction w.r.t. MF2 (m) -- -- -- -0.021 (-5.04) 0.012 (5.15) -- 0.002 (2.63) -- 
Relative speed in longitudinal direction w.r.t. MF2 (m/s) 0.153 (4.35) -0.263 (-6.86) 0.024 (1.96) -0.093 (-7.97) 0.082 (6.21) -- 0.014 (2.82) -- 
Subject vehicle has 1 or more lead vehicles in LF compartment*** -- -- -- -- -- 0.258 (1.72) -- -- 
Space gap in longitudinal direction w.r.t. LF1 (m) -- -- 0.002 (1.14) -- -- -0.008 (-2.57) 0.002 (1.71) -- 
Lateral gap between MF1 and LF1 (m) 0.027 (1.28) -- -- -0.012 (-1.36) 0.106 (4.58) -- 0.009 (1.08) -- 
Relative speed in longitudinal direction w.r.t. LF1 (m/s) -- -0.011 (-1.56) -- -- 0.054 (3.05) -0.017 (-1.00) -- -- 
Subject vehicle has 1 or more lead vehicles in RF compartment*** -- -- -- -- -- 0.109 (0.98) -0.083 (-2.62) 0.096 (3.84) 
Space gap in longitudinal direction w.r.t. RF1 (m) -- -- -- -- -- -0.007 (-2.36) 0.005 (4.27) -- 
Lateral gap between MF1 and RF1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. RF1 (m/s) 0.014 (1.24) -- -- -- -- -0.048 (-4.10) 0.019 (4.22) -- 
Subject vehicle has 1 or more side vehicle in LS compartment*** -- -- -- -- -- -- -- -- 
Space gap in lateral direction w.r.t. LS1 (m) -- -- -- -- 0.055 (2.71) -- -- -- 
Relative speed in longitudinal direction w.r.t. LS1 (m/s) -- -- -- -- -- -0.034 (-2.81) -- -- 
Subject vehicle has 1 or more side vehicle in RS compartment*** -- -- -- -- -0.283 (-2.26) -- -- -- 
Space gap in lateral direction w.r.t. RS1 (m) -- -- -- -- 0.063 (0.97) -- -- -- 
Relative speed in longitudinal direction w.r.t. RS1 (m/s) -- -- -- -- 0.048 (2.49) -- -- -0.019 (-3.23) 
Space gap between left edge of the SV and left edge of the road (m) -- 0.013 (2.25) -- 0.002 (1.07) -- -0.108 (-3.95) -- -- 

Scale parameter of regression equations ( )iησ    
0.625 (45.24) 0.725 (55.10) 

  
0.603 (49.81) 0.577 (57.03) 

Scale parameters for panel effects (  and )i iψ ξσ σ          

Acceleration 0.212 (3.15) -- 0.568 (8.43) -- 
Deceleration 0.181 (2.71) -- 0.357 (3.90) -- 
Maintain same speed 0.113 (0.94) NA -- NA 

Scale parameters of SV- or driver-level common error terms ( )iωσ          

Acceleration  0.067 (2.87) 0.144 (7.56) 
Deceleration -- 0.191 (12.62) 

Copula dependency parameters ( )iθ    

Acceleration -2.896 (-6.61) -5.257 (-11.05) 
Deceleration -4.240 (-11.00) -5.145 (-12.32) 

Goodness of fit measures                 
Number of parameters 37 50 
Log likelihood -14554.46 -10768.14 
AIC value 29182.93 21636.28 
BIC value 29444.68 21978.35 
LLR value w.r.t. to independent model 453.51 878.08 
Critical chi-square value at 95% CI 11.07 9.49 
Adjusted rho-square 0.105 0.143 

Number of vehicles 522 760 
Number of cases 8728 6914 

Notes: Accn = Acceleration, Dccn = Deceleration, # Maintain same speed is base category, *Dependent variable = absolute value of acceleration/deceleration at t s (m/s2), ** One lead vehicle is base, 
*** No vehicle is base, -- the corresponding parameter was dropped from the specification as it was statistically insignificant, NA= Not applicable 
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In this context, one can make the following observations by comparing the parameter 

estimates of the models for homogeneous traffic stream datasets across the three influence zones 

(Tables 2 and A.1). First, the influence of the traffic environment variables with respect to MF2 

and LF1 and that of the lateral gap between MF1 and LF1 became less influential as the length of 

the influence zone increased from 30 m to 60 m. This can be observed from the decreasing size of 

t-statistic values of the corresponding variables as the influence zone increased from 30 m to 60 

m. Second, the influence of some variables was not even marginally significant in the later models. 

For example, the influence of the space gap with respect to LF1 was not significant even at a 70 

% confidence level in models with 45 m and 60 m influence zones. 

Interestingly, the reverse trend may be observed from similar comparisons of the models 

estimated on HD traffic stream datasets (Tables 2 and A.2). That is, the t-statistic values of some 

of the variables with respect to MF2, LF1, and RF1 increased as the influence zone size increased 

from 30 m to 60 m. For example, the influence of space gap variables with respect to MF2 and 

RF1 increased with an increase in the length of the influence zone from 30 m to 60 m. Further, 

some variables (e.g., space gap with respect to MF2 in the equation for the extent of acceleration) 

that were found to have an insignificant effect in the model with a 30 m influence zone showed a 

significant effect in the models with 45 m and 60 m influence zones. That is, drivers in an HD 

traffic stream consider stimuli from the second lead vehicle (MF2) even if it is as far as 60 m in 

their decision-making. On the contrary, as discussed earlier, drivers in a homogeneous traffic 

stream consider stimuli from the second lead vehicle if it is closer to their vehicle. 

 The above differences between homogeneous and HD traffic streams may be attributed to 

differences in driver behaviour due to differences in the characteristics of the two traffic streams. 

First, in HD traffic streams, vehicles show a greater extent of lateral movements and can cut in 

anytime in front of the subject vehicle. Moreover, drivers of influencing vehicles while competing 

for gaps in the lateral direction might undergo a cycle of deceleration and acceleration. Thus, 

subject vehicle drivers in HD traffic streams anticipate such behaviour of lead vehicles and 

consider it in their decision-making even if the lead vehicles are far. Second, drivers in HD traffic 

conditions do not maintain lane discipline (one can observe vehicles in between lanes, subject 

vehicles in between multiple leaders – a type of staggered car-following), and the traffic stream 

itself comprises a higher percentage of motorcycles and three-wheelers which are relatively 

smaller in size as compared to passenger cars. As a result, the number of lead vehicles within the 
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driver’s field of view is higher, and the distance up to which a driver can see (and consider) is 

larger in HD traffic streams; thus, allowing the driver to perceive stimuli from lead vehicles that 

are as far as 60 m. On the other hand, drivers in homogeneous conditions either cannot see or may 

not consider vehicles that are far ahead because drivers adhere to lane discipline (with another 

vehicle straight ahead), and the traffic stream is dominated by passenger cars along with a small 

percentage of large vehicles such as trucks. 

4.3.2 Differences in the number of vehicles influencing the subject vehicle 

Another important difference is that the number of vehicles influencing the driver behaviour is 

greater in HD traffic conditions than in homogeneous traffic conditions. Specifically, all six 

surrounding vehicles have some or the other influence on driver decisions in HD traffic conditions. 

However, only four out of six vehicles – MF1, MF2, LF1, and RF1 – show an influence on driver 

behaviour in homogeneous conditions. Notably, the vehicles on the side – LS1 and RS1 – show 

an influence on driver behaviour in HD traffic conditions only. This may be because, contrary to 

homogeneous traffic conditions, drivers continuously look for gaps in the lateral direction to gain 

more speed. Another reason is that side vehicles in HD traffic conditions tend to accelerate and 

cut in front of the subject vehicle. Clearly, drivers in HD traffic conditions have to consider 

multiple sources of stimuli, including those from the sides. Such lateral interactions are less likely 

in homogeneous traffic conditions unless lane-changing is under consideration. 

4.3.3 Other differences  

In HD traffic conditions, the SV’s longitudinal speed shows a significant influence on the decisions 

to accelerate or decelerate as well as the extent of acceleration and deceleration. The parameter 

signs indicate that SVs moving at higher speeds are more (less) likely to decelerate (accelerate) 

and exhibit a higher (lower) magnitude of deceleration (acceleration). In contrast, in homogeneous 

traffic conditions, this variable appears with a positive sign, albeit with a small t-statistic, in the 

acceleration utility function. This finding seems counterintuitive. However, interestingly, previous 

studies have also reported similar findings with the SV’s speed variable in homogeneous traffic 

conditions (Ahmed, 1999; Toledo, 2003). This may be because the acceleration capabilities of 

vehicles are higher at high speeds observed in homogeneous traffic streams (Toledo, 2003). 

Another difference between the two traffic conditions is that the SV speed variable does not have 

a statistically significant influence on the extent of acceleration in homogeneous traffic conditions 
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(whereas this variable significantly influences the extent of acceleration in HD traffic conditions). 

Recall that the influence of subject vehicle speed on the discrete choice utility function for 

acceleration decision is not statistically significant in the homogeneous traffic dataset. It is likely 

that this variable does not have an influence on the extent of acceleration as well (in the 

homogeneous traffic dataset). It may be that, after accounting for relative speed and headway 

spacing with respect to the first lead vehicle, the subject vehicle’s speed does not have a significant 

influence on the extent of acceleration in the homogeneous traffic dataset. It may also be because 

we are allowing for the influence of different factors to be different on the discrete and continuous 

choices. Previous studies that used trajectory datasets from homogeneous traffic conditions also 

report similar findings of the weak influence of subject vehicle speed on its decision to accelerate 

and/or the extent of acceleration. For example, Ahmed (1999) and Toledo (2003) found that the 

SV speed did not have a significant influence on the extent of deceleration in homogeneous traffic 

streams on Interstate 93 in downtown Boston and on southbound I-395 in Arlington VA, 

respectively. The specific reasons behind such findings are not directly apparent and should be 

explored in future research. 

Similarly, after accounting for the aforementioned dependencies and panel effects, the 

influence of the space gap variable (with respect to MF1) on the extent of deceleration became 

weak in homogeneous traffic streams. Such a weakening of the influence of the space gap variable 

in the extent of acceleration was observed in HD traffic stream data also, but the final parameter 

estimates are still statistically significant in the HD traffic conditions. The impact of relative speed 

with respect to MF1 is also weakened in the extent of deceleration in HD traffic streams after 

accounting for the dependencies and panel effects.  

Note that the gap between the subject vehicle and the left edge of the road is also found to 

significantly influence driving decisions. A larger gap between the vehicle and the left edge of the 

road makes car drivers more likely to decelerate (and decelerate more) in homogeneous traffic 

streams. On the contrary, a larger gap makes car drivers tend to decelerate less in HD traffic 

conditions. This is intuitively aligned with our expectations because it is anticipated that vehicles 

closer to the left edge drive slowly in India compared to those that are away from the left edge, 

whereas in the USA, vehicles closer to the right edge drive slowly.  
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5 CONCLUSIONS  

In this paper, we propose a panel data-based discrete-continuous modelling framework to analyse 

driver behaviour in two disparate trajectory datasets – one from a heterogeneous disordered (HD) 

traffic stream in India and another from a homogeneous traffic stream in the United States. The 

panel data-based framework allows the analyst to isolate the subject vehicle- and driver-specific 

unobserved factors (such as age and aggressiveness) that do not vary across different observations 

of a same vehicle but have an influence on the vehicle’s driver behaviour. Doing so helps reduce 

the confounding effects of such unobserved factors on analysing the influence of observed factors 

(such as relative speeds and spacing between the subject vehicle and other vehicles) on driver 

behaviour. This also helps in reducing the confounding effects of unobserved factors on analysing 

the differences in driving behaviour between HD and homogeneous traffic streams. Furthermore, 

this study employs a simple empirical strategy to remove serial correlation that may arise due to 

correlation across successive observations from the trajectory of a vehicle. 

The estimation results reveal that it is necessary to incorporate the influence of vehicle- 

and driver-specific unobserved factors while analysing driver behaviour in order to improve the 

realism of the driver behaviour model. The results revealed interesting similarities and important 

differences in driver behaviour between homogeneous and heterogeneous traffic conditions 

trajectory data. From the standpoint of statistical model specification, both homogeneous and 

heterogeneous datasets revealed that the model that considered the role of unobserved factors at 

the driver level (i.e., panel data specification) and at the observation level, including dependencies 

between the discrete and continuous choice equations, provided the best fit. Ignoring such 

unobserved effects resulted in inflated t-statistics of several parameter estimates and inferior model 

fit. Since most trajectory datasets pose a panel data setting and dependencies between the discrete 

and continuous choices of drivers, the choice of the statistical specification becomes an important 

consideration for estimating the model parameters. 

In the context of behavioural similarities, in addition to lead vehicles in the same lane as 

that of the subject vehicle, vehicles in the lanes adjacent to the subject vehicle (i.e., vehicles in the 

left front and the right front zones) were also found to influence driver behaviour in both traffic 

conditions. However, as expected, the influence of the first lead vehicle in the middle front zone 

(MF1) was found to be the strongest in both traffic conditions, followed by the second lead vehicle 
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(MF2) in the same lane. Further, in both datasets, not all factors that influenced the discrete 

decisions influenced the continuous decisions and vice versa.  

From the standpoint of differences in driver behaviour, the results revealed that side 

vehicles influence driver decision-making in HD traffic conditions but not in homogeneous traffic 

conditions. Moreover, we found that influence zones of lengths 60 m and 30 m provided the best 

fit for HD and homogeneous traffic datasets, respectively, indicating that drivers in HD traffic 

streams consider stimuli from lead vehicles even if they are as far as 60 m, whereas drivers in 

homogeneous traffic streams consider stimuli from lead vehicles if they are closer to their vehicle.  

The insights from this study can assist in developing behaviourally realistic driver 

behaviour models specific to homogeneous and HD traffic conditions. Specifically, models 

developed for homogeneous traffic conditions might benefit from considering the influence of not 

only the first lead vehicle but also that of the second lead vehicle in the same lane and that of 

vehicles in the left front and right front zones within a 30 m influence zone. On the other hand, 

models for HD traffic in urban settings might benefit from considering the influence of side 

vehicles (left side and ride side) and that of lead vehicles as far as 60 m ahead of the subject 

vehicles. Such considerations and the modelling framework presented in this study can potentially 

help in better simulating traffic flow in the two traffic conditions. 

This study is not without its limitations. First, as discussed in the Introduction Section, the 

insights we obtained on the differences between the driver behaviour may be not only due to 

differences in driving behaviour between HD and homogeneous traffic streams. The differences 

may also be due to other factors such as driving population characteristics, vehicle characteristics, 

geometry and types of roadway facilities, congestion levels, weather, and timing of data collection. 

The panel data models proposed in the study help control for the confounding effects of 

unobserved factors (e.g., vehicle- and driver-specific factors) that vary across different vehicles in 

each of the two datasets. However, the models do not help control for factors that are different 

between the two datasets but are not different across the vehicles within each dataset. These 

include, for example, congestion levels and traffic composition in the two traffic streams, roadway 

geometry, and type of facilities. To control for the effects of such factors when comparing driving 

behaviour between HD and homogeneous traffic conditions, it is important to analyse a greater 

variety of trajectory datasets from a larger number of locations representing variation in such 

factors in both HD traffic and homogeneous traffic conditions. Until then, the findings in this study 
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ought to be used with caution. Another possibility is to explore driving simulator experiments to 

analyse differences in driving behaviour between HD traffic and homogeneous traffic conditions 

while controlling for other possible confounding factors.  

Second, we restricted ourselves to a homogeneous and static, rectangular influence zone, 

even though we recognized that the influence zones could be different for homogeneous and 

heterogeneous traffic conditions (and explored three different lengths of the rectangular influence 

area for these traffic conditions). However, influence zones can potentially depend on various other 

factors such as the type of the subject vehicle, driver’s characteristics and human factors, subject 

vehicle speed, and traffic stream characteristics such as average speed and density. One approach 

to recognize such heterogeneity and dynamic nature of influence zones is to use a latent class 

framework, where different sizes/shapes of influence zones are probabilistically associated with 

the subject vehicle and driver characteristics, macroscopic traffic stream variables, and 

microscopic (time-dependent) variables such as subject vehicle speed. The driving decisions can 

be modelled conditional on the (latent) influence zones. To do so, however, empirical data would 

be needed from a variety of traffic conditions (representing different ranges of traffic speeds and 

densities), vehicle types, etc. Also useful would be data on the driver’s demographic characteristics 

such as age, gender, and driving experience. These aspects will be pursued in our future research 

endeavours.  

Third, future work should focus on using integrated longitudinal and lateral movement 

modelling frameworks for analysing driver behaviour in different traffic conditions. Specifically, 

driver behaviour models for HD traffic will likely benefit from considering lateral movements 

together with longitudinal movements. 
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Appendix A 
Table A.1 Estimation results of the joint models on homogeneous traffic dataset for influence zones of lengths 45 m and 60 m 

Explanatory variables 
Influence zone length ahead of SV = 45 m Influence zone length ahead of SV = 60 m 

Discrete choice# Continuous choice*  Discrete choice# Continuous choice*  
Accn Dccn Accn Dccn Accn Dccn Accn Dccn 

Constant -0.156 (-1.25) -0.120 (-0.79) 0.906 (16.47) 1.122 (14.42) -0.114 (-0.91) -0.065 (-0.42) 0.904 (16.57) 1.136 (14.36) 
Subject vehicle's speed in longitudinal direction (m/s) 0.024 (1.60) 0.075 (5.65) -- 0.011 (1.84) 0.020 (1.35) 0.073 (5.58) -- 0.011 (1.74) 
Space gap in longitudinal direction w.r.t. MF1 (m) 0.020 (3.54) -0.021 (-3.52) 0.005 (2.57) -0.003 (-1.15) 0.019 (3.35) -0.023 (-3.88) 0.005 (2.58) -0.005 (-1.76) 
Relative speed in longitudinal direction w.r.t. MF1 (m/s) 0.411 (13.30) -0.343 (-11.43) 0.065 (5.49) -0.057 (-4.54) 0.419 (13.26) -0.333 (-10.87) 0.061 (5.03) -0.055 (-4.34) 
Subject vehicle has 2 or more lead vehicles in MF compartment** -- -- -- 0.145 (1.82) -- -- -- 0.061 (0.90) 
Space gap in longitudinal direction w.r.t. MF2 (m) -- -- -- -0.006 (-2.51) -- -- -- -0.002 (-1.14) 
Relative speed in longitudinal direction w.r.t. MF2 (m/s) 0.070 (2.79) -0.200 (-7.67) 0.014 (1.55) -0.048 (-4.90) 0.040 (1.77) -0.186 (-7.76) 0.018 (2.30) -0.042 (-4.98) 
Subject vehicle has 1 or more lead vehicles in LF compartment*** -- -- -- -- -- -- -- -- 
Space gap in longitudinal direction w.r.t. LF1 (m) -- -- -- -- -- -- -- -- 
Lateral gap between MF1 and LF1 (m) 0.018 (0.83) -- -- -0.010 (-1.08) 0.020 (0.94) -- -- -0.009 (-0.88) 
Relative speed in longitudinal direction w.r.t. LF1 (m/s) -- -0.007 (-1.08) -- -- -- -0.007 (-1.09) -- -- 
Subject vehicle has 1 or more lead vehicles in RF compartment*** -- -- -- -- -- -- -- -- 
Space gap in longitudinal direction w.r.t. RF1 (m) -- -- -- -- -- -- -- -- 
Lateral gap between MF1 and RF1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. RF1 (m/s) 0.015 (1.34) -- -- -0.006 (-1.21) 0.014 (1.28) -- -- -0.005 (-1.02) 
Subject vehicle has 1 or more side vehicle in LS compartment*** -- -- -- -- -- -- -- -- 
Space gap in lateral direction w.r.t. LS1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. LS1 (m/s) -- -- -- -- -- -- -- -- 
Subject vehicle has 1 or more side vehicle in RS compartment*** -- -- -- -- -- -- -- -- 
Space gap in lateral direction w.r.t. RS1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. RS1 (m/s) -- -- -- -- -- -- -- -- 
Space gap between left edge of the SV and left edge of the road (m) -- 0.011 (2.06) -- -- -- 0.010 (1.88) -- -- 

Scale parameter of regression equations ( )iησ    
0.625 (43.65) 0.737 (53.38) 

  
0.624 (43.88) 0.739 (54.29) 

Scale parameters for panel effects (  and )i iψ ξσ σ          
Acceleration 0.206 (3.01) -- 0.208 (3.05) -- 
Deceleration 0.182 (2.82) -- 0.189 (3.02) -- 
Maintain same speed 0.137 (1.36) NA 0.133 (1.29) NA 

Scale parameters of driver-level common error terms ( )iωσ          
Acceleration  0.065 (2.76) 0.065 (2.79) 
Deceleration -- -- 

Copula dependency parameters ( )iθ    
Acceleration -2.871 (-6.29) -2.853 (-6.25) 
Deceleration -4.377 (-10.85) -4.383 (-10.99) 

Goodness of fit measures                 
Number of parameters 35 35 
Log likelihood -14605.60 -14622.28 
AIC value 29281.20 29314.56 
BIC value 29528.80 29562.16 
LLR value w.r.t. to independent model 351.24 317.87 
Critical chi-square value at 95% CI 7.81 7.81 
Adjusted rho-square 0.102 0.101 

Number of cases 8728 8728 
Number of vehicles 522 522 

Notes: Accn – Acceleration, Dccn – Deceleration, # Maintain same speed is base, *Dependent variable = absolute value of acceleration/deceleration at t s (m/s2), ** One lead vehicle 
is base, *** No vehicle is base, -- the corresponding parameter was dropped from the specification as it was found to be statistically insignificant, NA- Not applicable 
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Table A.2 Estimation results of the joint models on HD traffic dataset for influence zones of lengths 30 m and 45 m 

Explanatory variables 
Influence zone length ahead of SV = 30 m Influence zone length ahead of SV = 45 m 

Discrete choice# Continuous choice*  Discrete choice# Continuous choice*  
Accn Dccn Accn Dccn Accn Dccn Accn Dccn 

Constant 2.246 (5.88) -0.850 (-2.29) 1.257 (14.10) -0.055 (-0.57) 2.018 (5.34) -0.882 (-2.32) 1.182 (12.95) -0.068 (-0.70) 
Subject vehicle's speed in longitudinal direction (m/s) -0.154 (-4.71) 0.211 (7.26) -0.029 (-3.55) 0.078 (12.04) -0.143 (-4.39) 0.212 (7.38) -0.025 (-3.00) 0.079 (12.04) 
Space gap in longitudinal direction w.r.t. MF1 (m) 0.029 (4.12) -0.014 (-2.09) 0.004 (2.22) -0.004 (-2.58) 0.025 (3.66) -0.016 (-2.36) 0.004 (2.04) -0.004 (-2.63) 
Relative speed in longitudinal direction w.r.t. MF1 (m/s) 0.090 (4.66) -0.073 (-3.58) 0.026 (5.46) -0.004 (-0.77) 0.083 (4.38) -0.077 (-3.89) 0.025 (5.31) -0.004 (-0.79) 
Subject vehicle has 2 or more lead vehicles in MF compartment** -- 0.176 (1.99) -- -- -- 0.220 (2.81) -- -- 
Space gap in longitudinal direction w.r.t. MF2 (m) 0.006 (1.62) -- -- -- 0.010 (4.10) -- 0.001 (1.09) -- 
Relative speed in longitudinal direction w.r.t. MF2 (m/s) 0.070 (2.41) -0.036 (-1.33) 0.017 (2.83) -- 0.080 (5.69) -- 0.016 (3.11) -- 
Subject vehicle has 1 or more lead vehicles in LF compartment*** -- 0.306 (2.72) -- -- -- 0.252 (1.92) -- -- 
Space gap in longitudinal direction w.r.t. LF1 (m) -- -0.016 (-3.46) 0.003 (1.56) -- -- -0.011 (-2.94) 0.002 (1.54) -- 
Lateral gap between MF1 and LF1 (m) 0.106 (5.12) -- -- -- 0.108 (5.13) -- -- -- 
Relative speed in longitudinal direction w.r.t. LF1 (m/s) 0.058 (3.20) -0.022 (-1.26) -- -- 0.055 (3.15) -0.021 (-1.24) -- -- 
Subject vehicle has 1 or more lead vehicles in RF compartment*** -- 0.204 (1.89) -0.100 (-2.96) 0.088 (3.61) -- 0.140 (1.29) -0.097 (-2.95) 0.093 (3.71) 
Space gap in longitudinal direction w.r.t. RF1 (m) -- -0.012 (-2.33) 0.002 (1.27) -- -- -0.008 (-2.13) 0.004 (3.16) -- 
Lateral gap between MF1 and RF1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. RF1 (m/s) -- -0.064 (-4.78) 0.021 (4.15) -- -- -0.056 (-4.75) 0.020 (4.19) -- 
Subject vehicle has 1 or more side vehicle in LS compartment*** -- -- -- -- -- -- -- -- 
Space gap in lateral direction w.r.t. LS1 (m) 0.050 (2.45) -- -- -- 0.055 (2.66) -- -- -- 
Relative speed in longitudinal direction w.r.t. LS1 (m/s) -- -0.035 (-3.04) -- -- -- -0.035 (-2.95) -- -- 
Subject vehicle has 1 or more side vehicle in RS compartment*** -0.172 (-2.23) -- -- -- -0.169 (-2.20) -- -- -- 
Space gap in lateral direction w.r.t. RS1 (m) -- -- -- -- -- -- -- -- 
Relative speed in longitudinal direction w.r.t. RS1 (m/s) 0.050 (2.63) -- -- -0.019 (-3.27) 0.048 (2.50) -- -- -0.018 (-3.17) 
Space gap between left edge of the SV and left edge of the road (m) -- -0.102 (-3.95) -- -- -- -0.104 (-3.89) -- -- 

Scale parameter of regression equations ( )iησ    
0.608 (50.10) 0.579 (55.97) 

  
0.606 (51.63) 0.578 (56.62) 

Scale parameters for panel effects (  and )i iψ ξσ σ          
Acceleration 0.543 (8.00) -- 0.552 (8.18) -- 
Deceleration 0.397 (4.59) -- 0.388 (4.41) -- 
Maintain same speed -- NA -- NA 

Scale parameters of driver-level common error terms ( )iωσ          
Acceleration  0.143 (7.45) 0.145 (7.73) 
Deceleration 0.187 (12.39) 0.190 (12.58) 

Copula dependency parameters ( )iθ    
Acceleration -5.205 (-11.19) -5.267 (-11.43) 
Deceleration -5.240 (-12.52) -5.179 (-12.36) 

Goodness of fit measures                 
Number of parameters 48 48 
Log likelihood -10802.09 -10789.16 
AIC value 21700.18 21674.32 
BIC value 22028.56 22002.70 
LLR value w.r.t. to independent model 810.18 836.04 
Critical chi-square value at 95% CI 5.99 5.99 
Adjusted rho-square 0.140 0.141 

Number of cases 6914 6914 
Number of vehicles 760 760 

Accn – Acceleration, Dccn – Deceleration, # Maintain same speed is base, *Dependent variable = absolute value of acceleration/deceleration at t s (m/s2), ** One lead vehicle is 
base, *** No vehicle is base, -- the corresponding parameter was dropped from the specification as it was found to be statistically insignificant, NA- Not applicable 
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