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Abstract

Lane-changing is a routine yet a complex driving task that has several negative impacts on both 
traffic flow efficiency and road safety, and thus, lane-changing models have become an 
indispensable part of microsimulation tools. The existing models only consider lane-changing 
manoeuvres that are successfully completed while failed lane-changing attempts (i.e., a lane-
changing manoeuvre that is aborted after its initiation) are by and large ignored during 
calibration and validation of lane-changing models. This ignorance leads to structural 
incompleteness of lane-changing models. In addition, compared with successful lane-changing 
manoeuvres, failed lane-changing attempts are more likely to disrupt traffic flow and create 
safety hazards in both the current lane and the target lane, and thus, further warranting its 
consideration during lane-changing modelling. A connected environment can minimise these 
adverse effects by providing driving messages about surrounding traffic and subsequent gaps 
available in the target lane that drivers can utilise to make informed and safe lane-changing 
decisions. As such, this study investigates the impact of a connected environment on failed 
lane-changing attempts and addresses the issue of structural incompleteness of lane-changing 
models using three steps. First, a Wavelet Transform (WT)-based method is employed to detect 
failed lane-changing attempts from the real data. Second, the impact of failed lane-changing 
attempts is examined on both traffic flow efficiency and safety parameters such as average 
speed reduction and Deceleration Rate to Avoid a Crash (DRAC). Moreover, how a connected 
environment influences these parameters is also explored using a random parameters binary 
logistic model. Finally, failed lane-changing attempts are incorporated into the existing lane-
changing models. At the first step, the WT-based method shows a reasonable accuracy in 
detecting failed lane-changing attempts when applied to NGSIM dataset and the driving 
simulator data collected in this study whereby drivers drove the CARRS-Q Advanced Driving 
Simulator and failed to complete a lane-changing manoeuvre in two randomised driving 
conditions: baseline (without driving messages) and connected environment (with driving 
messages). At the second step, we find that failed lane-changing attempts cause a higher speed 
reduction in both the current lane and the target lane compared to the successful ones. Similarly, 
a higher DRAC rate is required during failed lane-changing attempts compared to the 
successful lane-changing attempts, implying a higher crash risk during failed lane-changing 
attempts. Furthermore, the connected environment has shown to reduce not only the frequency 
of failed lane-changing attempts but also their negative impacts on surrounding traffic. 
Moreover, although the developed random parameters model reveals a significant 
heterogeneity at the individual level, suggesting that while the majority of the drivers tend to 
abort lane-changing manoeuvres with increase in the relative speed, this does not hold for a 
small portion of drivers. Finally, by incorporating failed lane-changing attempts into the 
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existing lane-changing models, the predictive accuracy and realism of the lane-changing 
models have been enhanced. 

Keywords: Failed lane-changing; mandatory lane-changing; discretionary lane-changing; 
efficiency; safety; game theory.

1. Introduction

Lane-changing is one of the routine driving tasks that drivers frequently perform on the road 
either to reach the planned destination (mandatory lane-changing) or to achieve desired driving 
conditions (discretionary lane-changing). The benefits of a lane-changing manoeuvre, 
unfortunately, come at the cost of slowing down neighbouring road users and disrupting 
surrounding traffic flow. Lane-changing is frequently reported as one of the reasons for 
collisions (e.g., rear-end and sideswipes). For instance, Sen et al. (2003) reported 
approximately 539,000 two-vehicle lane-changing crashes in the U.S during 1999. During 
2018, about 2,530 and 827 rear-end and sideswipe collisions were reported, respectively, in 
New South Wales, Australia (TfNSW, 2019). In the literature, lane-changing is also associated 
with triggering congestion (Zheng et al., 2011a), causing long-puzzling traffic phenomena such 
as stop-and-go oscillations and capacity drop (Ahn and Cassidy, 2007, Zheng et al., 2011b) 
and has environmental implications (Li and Sun, 2017). These daunting statistics confirm the 
importance of lane-changing in road safety and traffic flow efficiency, and thus analysing lane-
changing behaviour and its modelling becomes critical and has motivated a large body of 
literature (Ahmed, 1999, Kita, 1999, Toledo et al., 2003, Choudhury et al., 2006, Zheng, 2014).

Lane-changing is a risky manoeuvre if not performed carefully. It is a complex driving 
task that requires matching the speed in the current lane with the one in the target lane, finding 
a suitable gap in the target lane, ensuring that the driver’s own intention of lane-changing is 
recognised by other drivers, and a capable lane-changing execution. Lane-changing is often 
analysed at three stages (Toledo et al., 2003): strategic, tactical, and operational. At the strategic 
level, a driver plans his/her route for journey, which influences the lane choice. At the tactical 
level, the driver prepares for lane-changing by accelerating or decelerating and cooperating 
with other drivers in the target lane. Finally, at the operational level, the driver evaluates 
whether the intended lane-changing is both desirable and safe. This study focusses on the 
operational level of both types of lane-changing (mandatory and discretionary).

Drivers’ decisions at the operational level are often modelled and called as lane-
changing decision models whereas the impacts of such lane-changing decisions are often 
captured using lane-changing impacts models (Zheng, 2014). Despite significant impacts of 
lane-changing on traffic operation, road safety, and environment, modelling lane-changing has 
not received due attention in the literature. Compared to the other primary task (that is, car-
following) for which hundreds of car-following models have been developed (see Saifuzzaman 
and Zheng (2014) for a review), the number of lane-changing models is comparatively small. 
In line with this observation, Gipps’ statement “the subject of lane-changing has received 
rather less attention than car-following” is still valid (Gipps, 1986). Nevertheless, in the last 
two decades or so, we have witnessed a significant progress on analysing, understanding, and 
modelling lane-changing behaviour using various approaches such as rule-based, utility-based, 
artificial-intelligence-based, and game theory-based approaches. Zheng (2014) has 
comprehensively reviewed these representative lane-changing models and classified them as 
lane-changing decision (LCD) models and lane-changing impact (LCI) models. In addition, 
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Zheng (2014) discussed their strengths and weaknesses, and pointed out major issues related 
to lane-changing modelling efforts. This paper aims to address one of the main issues: existing 
lane-changing models (LCD and LCI) described in the literature only consider lane-changing 
attempts that have been successfully completed, and discard failed lane-changing attempts.

It has been observed in the field that drivers sometimes avert their decisions of changing 
lanes due to various reasons such as estimation and judgement errors (Shi and Liu, 2019), 
perception of a higher crash risk after initiating a lane-changing manoeuvre (Luo et al., 2015), 
uncooperative behaviour of other drivers in the target lane (Chandru and Selvaraj, 2016), etc. 
This results in aborting a physically started (or initiated) lane-changing manoeuvre (i.e., failed 
lane-changing attempts). Obviously, failed lane-changing attempts is an indispensable part of 
the lane-changing decision-making process. Unlike successful lane-changing attempts where 
traffic flow disruption mostly occurs in the target lane, failed lane-changing attempts are likely 
to disrupt traffic flow and deteriorate safety in both the target lane and the current lane, and 
thus, warranting its consideration during modelling LCD behaviour. Unfortunately, failed lane-
changing attempts are by and large ignored during calibration and validation of LCD models 
(failed lane-changing attempts in existing models are oversimplified and often considered as 
no lane-changing or waiting decisions) due to three reasons: (a) scarcity of high-quality vehicle 
trajectory data; (b) lack of a robust method/technique to detect failed lane-changing attempts 
from trajectory data since existing databases, like NGSIM, do not provide sufficient 
information about various aspects of a physical execution of a lane-changing manoeuvre; and 
(c) no conclusive evidence in the literature about failed lane-changing attempts’ impact on 
traffic flow efficiency and safety using real data (Zheng, 2014). Furthermore, there is no clear 
guideline on how to define and trace failed lane-changing attempts, and what factors can be 
used for differentiating failed lane-changing attempts from the successful ones. Meanwhile, 
incorporating failed lane-changing attempts into new or existing lane-changing models can be 
also challenging. 

All of the aforementioned issues exist in a traditional environment (that is, without any 
driving assistance system). A novel and more recent driving environment, i.e., connected 
vehicle driving environment enables the sharing of information between vehicles and 
infrastructures. This information, in the form of driving messages, aims to assist during the 
lane-changing decision-making process, and drivers are expected to make more informed and 
safer lane-changing decisions, thereby improving traffic flow efficiency and safety. Given 
these benefits of a connected environment, some of the research questions that motivate the 
present study are: will a connected environment reduce (if not completely eliminate) failed 
lane-changing attempts? will a connected environment mitigate (or lessen) the impact of failed 
lane-changing attempts on surrounding traffic? 

This study aims to comprehensively investigate failed lane-changing attempts and 
addresses the issue of structural incompleteness of lane-changing models in traditional and 
connected environments. More specifically, the objective of this research is threefold: (a) to 
develop and rigorously test a sound methodology to detect failed lane-changing attempts from 
trajectory data; (b) to analyse the impact of failed lane-changing attempts on traffic flow 
efficiency and safety in traditional and connected environments; and (c) to incorporate failed 
lane-changing attempts into some recently developed lane-changing models. In particular, 
failed mandatory lane-changing attempts are incorporated in a game theory-based mandatory 
lane-changing model (i.e., a component of a Complete LAne-Changing Decision model 
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[CLACD]), and failed discretionary lane-changing attempts are incorporated in the 
discretionary lane-changing component of CLACD, which is presented in Ali et al. (2020b).

The rest of the paper is organised as follows. Section 2 reviews representative lane-
changing models and empirical studies related to failed lane-changing attempts. Section 3 
describes the data used in this study, including the design of driving simulator experiment. 
Section 4 explains the methodology for detecting and analysing failed lane-changing attempts 
and the random parameters model formulation. Section 5 shows the implementation of the 
proposed methodology and the corresponding results. Finally, Section 6 summarises the main 
findings and concludes the study by highlighting future research directions. 

2. Literature review

A brief review of major LCD modelling approaches is presented in this section. In addition, 
studies related to failed lane-changing attempts are reviewed. Providing a detailed review on 
LCD modelling is beyond the scope of this study, and interested readers are referred to Zheng 
(2014).

2.1 A review of LCD modelling approaches

Amongst many approaches used for modelling LCD behaviour, popular ones include rule-
based, utility theory-based, and game theory-based. Each of them is briefly reviewed here.

Gipps (1986) modelled LCD behaviour as a set of rules used for evaluating the 
possibility, necessity, and desirability of a lane changing. Various factors, such as available 
safe gap, the location of permanent obstructions, turning movements, heavy vehicles, and speed 
advantage, were considered to model LCD behaviour. Gipps used deterministic rules to 
evaluate the importance of these factors. Gipps’ model is a binary decision model (i.e., change 
lane/do not change lane) whose outcome is based on various fixed conditions.

Ahmed (1999) developed utility theory-based lane-changing models incorporating 
driver heterogeneity and state dependence. The LCD behaviour in the utility theory approach 
is modelled in two steps: target lane selection and gap acceptance. For the target lane selection, 
a driver compares the utilities of all available lanes and selects the best lane that satisfies his/her 
driving condition. Once the target lane is finalised, the driver compares the available gap with 
the critical gap (that is, gap acceptance) for accepting or rejecting the gap. Many extensions of 
utility theory-based models are reported in the literature (Toledo et al., 2005, Choudhury et al., 
2006, Toledo and Katz, 2009). Although standard logit models have been extended to more 
recent and advanced methods like random parameters, grouped random parameters, etc. 
(Fountas and Anastasopoulos, 2017, Fountas et al., 2018b, Fountas et al., 2018a, Eker et al., 
2019, Fountas et al., 2019, Pantangi et al., 2019) in other fields, its application in lane-changing 
modelling is still at nascent stage. For instance, Toledo et al. (2003) introduced a driver-specific 
random term in multinomial logit model accounting for driver heterogeneity and correlation 
between observations of the same driver over time. Hess et al. (2020) developed a latent class 
model to investigate the possible correlation of two sources, i.e., a controlled driving simulator 
experiment and a simple stated preference survey. More recently, Zhou et al. (2020b) modelled 
discretionary lane-changing behaviour on urban streets using standard and mixed logit models.

The game theory approach has been used to model lane-changing behaviour. This 
approach has the capability to simultaneously model the decisions of two decision-makers 
involved in the lane-changing decision-making process (i.e., lane-changer and the immediate 



5

follower in the target lane). In this approach, lane-changing process is modelled as a game 
where two players play the game with different motives. The game is solved by using the 
concept of Nash equilibrium. Kita (1999) was among the first to model lane-changing 
behaviour using the game theory approach followed by many new and refined game theory-
based models (Liu et al., 2007, Talebpour et al., 2015, Ali et al., 2019b).

To summarise, all of the aforementioned LCD modelling approaches only consider 
successful lane-changing attempts while calibrating and validating LCD models. It is unclear 
that existing LCD approaches and subsequent LCD models have the capability to incorporate 
failed lane-changing attempts in the existing lane-changing framework, or a separate 
formulation is required. 

2.2 A review of empirical studies related to failed lane-changing attempts

Failed lane-changing attempts have been observed and reported in many studies. Whilst 
studying the impacts of the differentiated per-lane speed limit on lane-changing behaviour, Shi 
and Liu (2019) noted failed lane-changing attempts and termed them as incomplete lane-
changing. Lee (1995) analysed the driver-vehicle performance systems during lane-changing 
manoeuvres to determine whether an experienced driver can successfully abort a lane-changing 
manoeuvre to avoid a lane-change crash if s/he received and responded to a collision warning 
from the system after a certain time, given that lane-changing manoeuvre has been already 
initiated. This helped in identifying pre-crash factors related to lane-changing. Whilst 
evaluating a behavioural traffic monitoring system, Rigolli and Brady (2005) found failed lane-
changing manoeuvres. This is probably caused by the driver’s decision to actively abandon a 
lane-changing attempt when the current lane driving conditions got better. Berndt and 
Dietmayer (2009) studied drivers’ intention inference with on-board vehicle sensors and 
reported that false alarms (i.e., failed lane-changing) were generated when drivers change their 
minds and abort lane-changing manoeuvres. Failed lane-changing attempts also exist in the 
celebrated NGSIM dataset, as reported by Tomar and Verma (2011).

Meanwhile, researchers investigated possible triggers of failed lane-changing attempts. 
Of many reasons that cause a lane-change manoeuvre to fail, the safety criterion is the most 
important one due to which drivers tend to abort physically executed lane-changing 
manoeuvres (Luo et al., 2015). For example, when predicting lane-changing intentions for 
driver assistance system, Morris et al. (2011) found that vehicles in blind spots tend to cause 
failed lane-changing attempts. Other reasons include change in driving behaviour of the 
surrounding vehicles (Chandru and Selvaraj, 2016), accelerating behaviour of the immediate 
follower in the target lane, and improper lane-changing decision-making (Shi and Liu, 2019).

The synthesis of the literature reveals that most of the existing studies reporting failed 
lane-changing attempts are empirical in nature, and the information about the mechanism of 
failed lane-changing attempts and their potential negative impacts provided in these studies are 
scant. To the best of authors’ knowledge, the literature up to date is devoid of any 
comprehensive effort on analysing and modelling failed lane-changing attempts.

This is partially caused by a data-related issue: detecting failed lane-changing attempts 
from trajectories is generally challenging, as existing databases like NGSIM (FHWA, 2007) 
only provides information about successful lane-changing attempts. As such, some of the 
studies in the literature reported failed lane-changing attempts using numerical simulation 
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when they observed unusual driving behaviour, e.g., drivers initiated lane-changing 
manoeuvres but they did not complete it and came back to the original lane (Rigolli and Brady, 
2005, Berndt and Dietmayer, 2009), whereas Shi and Liu (2019) used trajectory data obtained 
from the driving simulator to detect failed lane-changing attempts.

Although some studies in the recent past have shown how a connected environment has 
improved gap acceptance behaviour and increased safety margin during mandatory lane-
changing (Ali et al., 2018a, Ali et al., 2019a) and discretionary lane-changing (Ali et al., 
2020c), no  study in the literature has attempted to investigate the effectiveness of a connected 
environment in reducing (or completely eliminating) failed lane-changing instances and 
mitigating their negative impacts. This is primarily because of the novelty of a connected 
environment and the consequent scarcity of relevant data.

3. Data

Two data sources are used in this study, namely NGSIM and the driving simulator data, which 
are described below.

3.1 NGSIM

NGSIM data (FHWA, 2007), a widely used dataset for calibrating and validating microscopic 
models, are used in this study. The interstate-80 (I-80) data contain vehicle speeds and positions 
at every 0.1 s, and the study site is shown in Figure 1. The I-80 site contains an on-ramp and 
an off-ramp, where systematic mandatory lane-changing manoeuvres are expected. 
Discretionary lane-changing manoeuvres are likely to be observed on the inner lanes. In this 
study, both types of lane-changing are considered. For more details on how mandatory and 
discretionary lane-changing manoeuvres are separated, refer to Ali et al. (2020b). 

The original NGSIM data contain notable noise and errors, and thus, this study first 
uses the 15-min reconstructed data by Montanino and Punzo (2015) to assess the capability 
and performance of the developed method. Furthermore, the entire 45-min denoised I-80 data 
(Zheng et al., 2011b), which have been  used in many studies (Zheng et al., 2011b, Chen et al., 
2012, Sharma et al., 2018, Ali et al., 2020b, Sharma et al., 2019a), are used for detecting, 
analysing, and modelling failed lane-changing attempts. For the sake of convenience, the full 
denoised I-80 data consisting of 45 minutes is called as I-80-F whereas the 15-min 
reconstructed data is termed as I-80-R.

Fig. 1. I-80 study site
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3.2 The Advanced Driving Simulator data

NGSIM data contain real vehicle trajectories collected in the field for a traditional environment 
in which drivers make decisions based on their experience and without any driving messages 
or driver assistance systems. The connected environment, in contrast, provides information 
about surrounding traffic that drivers can utilise for making efficient and safer lane-changing 
decisions. Due to the novelty of a connected environment and the scarcity of the relevant data, 
this study designed an Advanced Driving Simulator experiment to collect high-quality vehicle 
trajectory data, mimicking vehicle-to-vehicle, and vehicle-to-infrastructure communications. 
Table 1 shows the information related to participant background, which reveals that the 
participants in this study are from diverse backgrounds. More specifically, three classes of 
participants are identified as young, middle-aged, and older drivers, consisting of respectively 
48%, 41%, and 11%, which is a fairly realistic representation of the actual population in 
Australia (.idcommunity, 2016). The proportions of male and female participants are about 
64% and 36%, respectively, which is also reasonable. The average driving experience of 
participants is about 12.2 years, and our participants also have a diverse educational 
background. 

To achieve the required representativeness and diversity among the participants, we 
have put significant efforts to recruit participants for our study. For instance, unlike 
convenience sampling where participants are recruited from a particular cohort such as 
students, staff members, etc., we distributed more than 2,000 copies of advertisement flyers to 
the general public in Brisbane and posted an advertisement on social media platforms. As a 
result, 100 participants registered for our experiment, and a total of 78 participants was 
considered in this study after excluding a few participants following the experimental protocol 
(e.g., who did not show up, fell sick, or failed to participate in all the drives). Note that the 
sample size of the participants considered in our study is significantly higher than that of other 
driving simulator-based studies where on average the number of participants varies from as 
low as 10 to as high as 60 (Rudin-Brown, 2006, Andersen and Sauer, 2007, Mehmood and 
Easa, 2009, Adell et al., 2011, Bella and Russo, 2011, Muhrer and Vollrath, 2011, Vollrath et 
al., 2011, Saifuzzaman et al., 2015, Mosbach et al., 2017).

Table 1 Descriptive statistics of the participants characteristics [Adapted from Ali et al. 
(2018b)]

Driver characteristics Mean SD Count Percentage
Driver's age (years) 30.8 11.7 — —
Gender
   Male — — 50 64.1
   Female — — 28 35.9
Education
   Primary — — 2 2.5
   Junior (Grade 10) — — 1 1.3
   Senior (Grade 12) — — 18 23.1
   TAFE or Apprenticeship — — 9 11.5
   University — — 48 61.6
Licence type
   Open — — 62 79.5
   Provisional — — 16 20.5
Years of driving 12.2 11.5 — —
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Kilometers driven in a typical year
   0-5,000 km — — 10 12.8
   5,001-10,000 km — — 19 24.4
   10,000-15,000 km — — 15 19.2
   15,001-20,000 km — — 18 23.1
   20,001-25,000 km — — 6 7.7
   > 25,000 km — — 10 12.8
Crash involvement in last one year
   Involved — — 8 10.3
   Not involved — — 70 89.7
Frequency of driving per week
   Less than 2 times — — 5 6.4
   2-4 times — — 28 35.9
   5-6 times — — 16 20.5
   7-8 times — — 7 9.0
   More than 8 times — — 22 28.2
Prior information about Connected Vehicles
   Yes — — 33 42.3
   No — — 45 57.7

Participants performed experiments in two randomised driving conditions: baseline 
(without driving messages) and connected environment (with driving messages). Ensuing 
subsection explains the vehicular design and driving messages presented during the connected 
environment.

A four-lane motorway with two lanes in each direction was designed. The road was 
about 1 km long and had a posted limit of 100 km/h. The road consisted of an event where the 
current driving lane was closed. The subject vehicle (vehicle driven by the participants, SV) 
was required to change lanes to avoid the road blockage, and the following vehicles (FVs) in 
the target lane were scripted to accelerate, decelerate, and remain unaffected by the mandatory 
lane-changing action of SV. Note that the experiment design also included a discretionary lane-
changing section; however, failed discretionary lane-changing attempts were not designed 
during this section, and hence, it is not explained here. The interested readers are referred to 
Ali et al. (2020c) for the description of discretionary lane-changing section.

Simulator program for the lane-changing interaction: The lane closure, where mandatory 
lane-changing is expected, is about 750 m away from the start of the scenario. A lead vehicle 
(LV1) in the current lane changes lane to the adjacent lane due to lane closure, where SV faces 
five mandatory lane-changing opportunities (Figure 2(a)). For the first available gap, when SV 
tries to change the lane, the immediate follower (FV2) accelerates and narrows down the gap 
to discourage the mandatory lane-changing action of SV. To further evoke failed lane-
changing, FV2 honks at the SV’s mandatory lane-changing action. During this vehicular 
interaction, drivers are expected to make decision errors and abort the initiated mandatory lane-
changing manoeuvre, as shown in Figure 2(b). After initiating the mandatory lane-changing 
manoeuvre from the current driving lane, SV returns to the same lane (termed as ‘failed lane-
changing attempt’ in this study). Note that for the rest of the gaps, FVs either decelerate to 
show courtesy or remain unaffected to the SV’s action of mandatory lane-changing.

The aforementioned traffic interaction program was the same for both the driving 
conditions: baseline and connected environment. The only difference between these drives was 
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that drivers in a connected environment were assisted with the information while they did not 
receive any assistance during the baseline condition. 

Design of driving messages in the connected environment: Briefly, drivers in the connected 
environment receive four different driving messages namely, fixed messages, advisory 
messages, warning messages, and lane-changing gap information (Figure 3). Fixed messages 
inform about the driving conditions prevailing in the current lane (such as the speed of and the 
distance to the leader, Figure 3(a)). Advisory messages, in the form of text messages, notify 
the drivers about upcoming situations such as “lane closure ahead” (Figure 3(a)). Warning 
messages warn the drivers during critical situations such as over-speeding or driving too close 
to the leader (Figure 3(a)). A lane-change message showing the subsequent gap information is 
presented to drivers whenever a lane-changing opportunity is available in the adjacent lane 
(Figure 3(b)). More details on the design of messages can be found in our previous studies (Ali 
et al., 2018a, Ali et al., 2020a).

(a) Vehicular interactions before the lane closure

(b) A typical design of failed lane-changing attempt

Fig. 2. Design of a mandatory lane-changing event (not to scale)

Lane closure ahead

Warning message

Fixed messages

Advisory message
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(a) Warning message (speed violations), fixed messages (speed of and distance to the lead 
vehicle), advisory message (text message about upcoming situations)

SV
FV

lane-changing 
information

(b) Lane-changing information regarding gaps in the adjacent lane

Fig. 3. Design of the driving messages in the connected environment
The driving simulator provided basic driving related variables such as speeds and 

accelerations at a frequency of 0.05 s. In addition, the lane lateral shift profile of each driver is 
also recorded. This profile indicates the lateral distance of SV’s centre corresponding to the 
lane centre, as shown in Figure 4. This profile usually remains stable when a driver in the 
current lane is following the leader while abrupt changes are observed when the driver attempts 
to change lanes (either successful or failed; more discussion to follow in ensuing paragraphs). 
Thanks to the controlled environment of the driving simulator, the ground truth about failing a 
lane-change attempt is known along with the timestamp when failed lane-changing occurs, 
which helps in analysing the efficacy of the Wavelet Transform-based method employed in 
this study (more discussion to follow in the ensuing section). Note that the portion of driving 
profile after completing a mandatory lane-changing manoeuvre was not utilised for detecting 
failed lane-changing attempts. 
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Fig. 4. A typical example of lane lateral shift profile obtained from the driving simulator data
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4. Methodology

4.1 Detecting failed lane-changing attempts

One of the major challenges in modelling failed lane-changing attempts is detecting failed lane-
changing attempts from vehicular trajectory data since the existing datasets usually do not 
provide any information directly related to failed lane-changing attempts. As such, this study 
uses Wavelet Transform (WT) to detect failed lane-changing attempts. WT is a powerful tool 
in detecting singularities and obtaining local information from time series data. WT has been 
widely used in different fields such as fluid mechanics, medicine, engineering, finance, 
geophysics, and signal processing, just to mention a few (Addison, 2017). WT has also been 
used for various traffic-related applications such as detection of freeway accidents (Adeli and 
Samant, 2000), traffic characteristics surrounding work zones (Adeli and Ghosh-Dastidar, 
2004), traffic flow prediction (Boto‐Giralda et al., 2010), traffic flow pattern identification 
(Vlahogianni et al., 2008), detecting bottleneck and traffic oscillation (Zheng et al., 2011a), 
origins of stop-and-go and wave propagation (Zheng et al., 2011b), estimating response times 
(Sharma et al., 2019b), and pinpointing the start of a discretionary lane-changing manoeuvre 
(Ali et al., 2020c). Zheng and Washington (2012) demonstrated the capability of WT method 
to detect the start and the end of a lane-change manoeuvre, and they also compared different 
wavelets using synthetic data and provided guidelines on how and why to select a particular 
wavelet. Ensuing subsection further describes the WT-based method employed in this study.

4.1.1 An introduction to WT and its application to detecting failed lane-changing attempts

WT is a time-frequency decomposition tool that is particularly effective in extracting local 
information from non-stationary time series data. Unlike the Fourier transform, WT provides 
both frequency (called scale in wavelet terminology) and time representation. Any local 
changes can be captured by moving the wavelet location and squeezing or dilating the wavelet 
window. Such a time-scale representation of the original time series data, which are often noisy 
and aperiodic, finds enormous applications in many fields.

WT coefficient of a continuous signal, S(𝑡), can be obtained as

(1)𝑇(𝑎,𝑏) =  
1
𝑎∫∞

―∞𝑆(𝑡)𝜓
𝑡 ― 𝑏

𝑎 𝑑𝑡

where  is a wavelet coefficient, S(𝑡) is a continuous signal (time series of lane lateral 𝑇(𝑎,𝑏)
shift in this case),  is a wavelet function, and 𝑎 and 𝑏 are scale and translation parameters 𝜓

𝑡 ― 𝑏
𝑎

of the wavelet function, respectively. A higher value of scale factor corresponds to a stretched 
wavelet that can identify slowly varying changes while a smaller scale factor leads to a 
compressed wavelet, which is particularly useful for detecting abrupt changes––a characteristic 
required to detect failed lane-changing attempts. Zheng and Washington (2012) suggested 
using wavelet modulus maxima to detect local singularities using WT and to detect the change 
point (or singularity) in the data. More specifically, the local maxima lines formed by 
connecting the nearest local maxima at different scales can be used to identify the location of 
the corresponding singularity such as the start of a lane-change manoeuvre, failed lane-
changing point, and the end of a lane-change manoeuvre.

A variety of mother wavelets are available in the literature such as Haar, Daubechies 
family, Mexican hat, Morlet, Gaussian, and Coieflets family. After comparing several popular 
mother wavelets’ performance in extracting information from noisy traffic data, Zheng and 
Washington (2012) concluded that the Mexican hat wavelet generally gives a satisfactory 
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performance in detecting singularities in traffic and vehicular data. A similar conclusion is 
found in our analysis (see Table 6). Thus, the Mexican hat wavelet is adopted in this study, 
unless otherwise stated.

Figure 5 shows a typical example of Mexican hat wavelet employed to detect failed 
lane-changing attempts. Figure 5(a) shows a synthetic lane lateral shift profile based on 
observations obtained from the driving simulator data (note that lane lateral shift profile is 
ignored after successful lane-changing has been started). In this synthetic profile, it is known 
that the lane-changing manoeuvre starts at Point 1 (the timestamp at which the lane-changing 
manoeuvre begins is 654), then failed lane-changing attempt occurs at Point 2 (the timestamp 
is 684) followed by the lane-changing initiation at Point 3 (the timestamp is 834), which is 
ultimately the start of successful lane-changing attempt. WT provides the scale coefficients 
that assist in visual representation and analysis of lane lateral shift profiles. These coefficients 
are used to develop the corresponding local maxima lines as shown in Figure 5(c). By 
visualising each change point in the Figure 5(a) and tracing the corresponding local maxima 
lines, we obtain the timestamps for the start of the lane-change manoeuvre, failed lane-
changing, and the start of lane-change after failed lane-changing (Figure 5(c)). These 
timestamps identified in Figure 5(c) are 658, 686, 835, respectively, which are very close to 
the timestamps of the synthetic profile. This shows the capability of the WT-based method for 
accurately tracing failed lane-changing attempts. Note that the start and end maxima lines are 
excluded as they are caused by the start and the end of a signal, i.e., the so-called boundary 
effect (Zheng et al., 2011a, Zheng and Washington, 2012).

Testing of the WT-based method using synthetic data: In this study, mainly two types of 
data are used: the data from the I-80 and the driving simulator data. A synthetic lateral position 
profile, similar to the original profiles observed in both the datasets, is carefully generated for 
each data source, as shown in Figure 5(b). As mentioned previously, the I-80 data are known 
for containing noise, thus, to make the synthetic profile more realistic, noise is added at a 
signal-to-noise ratio (SNR) of 55 (Figure 5(b)), which closely resembles the profiles observed 
in I-80 data.
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Fig. 5. Detecting failed lane-changing attempts using synthetic profiles

Figure 5 shows synthetic profiles resembling the actual profiles obtained from the 
advanced driving simulator and NGSIM data. It can be observed that both profiles are different 
from each other, however, they both describe lateral movement of drivers. This difference is 
mainly caused by how data related to lateral movement of drivers are collected and recorded 
in different data sources. In the driving simulator, lane lateral shift was used to measure driver’s 
lateral movement from the right edge of the current driving lane. When the driver starts to move 
(or change lanes) from right to left, lane lateral shift tends to change drastically. Meanwhile, 
when the driver has changed lanes (and has arrived in the left lane), lane lateral shift is again 
measured from the right edge of the left lane. On the other hand, lateral movement in NGSIM 
data is recorded with respect to the left-most edge of the section in the direction of travel. In 
other words, the lateral movement recording point in NGSIM is fixed whereas in the driving 
simulator, it is measured with respect to the current driving lane.

Figure 5(b) shows a synthetic lateral position profile of a driver who initiates the lane-
changing manoeuvre physically at the timestamp of 100, and after 2.5 s, the driver aborts the 
lane-changing manoeuvre (i.e., at the timestamp of 150) and continues travelling in the same 
lane. After 2.5 s, the driver again starts the lane-changing manoeuvre, which is completed at 
the timestamp of 250. Figure 5(d) shows the analysed profile using the WT-based method. It 
can be observed that the local maxima lines corresponding to the change points in the synthetic 
profile (shown by vertical long dash lines) such as the start of lane-change manoeuvre, aborting 
the lane-change manoeuvre, and again starting of lane-change manoeuvre are successfully and 
accurately detected by the WT-based method. These results imply that the WT-based method 
shows a high accuracy in detecting all of the change points in the lateral position profile. More 
specifically, failed lane-changing attempts can be obtained by the second dotted line (see Point 
2 in Figure 5(c)). Note that we applied WT to a wide range of scenarios to test the efficacy of 
the WT-method, and a consistent trend of results was obtained similar to the one reported 
herein.

Note that as a general and mature method for accurately detecting singularities in a 
signal, the wavelet analysis result is only dependent on characteristics of the signals under 
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investigation. As long as the characteristics of the two signals are the same, the wavelet analysis 
result remains the same. In our study, no matter which data source was used (thus, different 
spatial contexts), characteristics of the vehicle’s lateral movements are the same. Thus, the 
transferability of the best Mother Wavelet from driving simulator data to the I-80-F data should 
not be an issue. Besides, given that both the synthetic profiles were subjected to different types 
of available wavelets, we find that the change points detected by Mexican hat wavelet are much 
closer to the actual change points for both profiles (i.e., driving simulator and NGSIM), which 
confirms its accuracy in transferability. Additionally, our conclusion is consistent with the 
recommendation given in Zheng and Washington (2012). In this study, only the results of the 
best performing wavelet (i.e., Mexican hat) are reported here to avoid redundancy with results 
reported in Table 6 (more discussion to follow in Section 5.1).

4.2 Analysing failed lane-changing attempts

Once failed lane-changing attempts are detected using the WT-based method, the next natural 
step is to analyse the impact of failed lane-changing attempts on traffic flow efficiency and 
safety parameters, and to compare such impact with that of successful lane-changing attempts. 
This step would reveal the seriousness of failed lane-changing attempts compared to the 
successful ones using NGSIM data. Furthermore, this step would also help in identifying the 
factors differentiating failed lane-changing attempts from the successful ones. Lastly, how the 
connected environment reduces these adverse effects is also examined using the data from the 
driving simulator.

4.2.1 Impact of failed lane-changing attempts on traffic flow efficiency

One of the implications of failed lane-changing attempts is the disruption to traffic stream, 
which could lead to creating a backward shockwave in the traffic stream. To analyse the impact 
of failed lane-changing attempts on traffic flow and compare it with that of the successful ones, 
speed reduction of the immediate follower is calculated in both the current lane and the target 
lane. Note that the speed is available in the I-80 data and is averaged for 2 s just after the lane-
change attempt (failed and successful).

4.2.2 Impact of failed lane-changing attempts on traffic safety

Another most important impact of failed lane-changing attempts is on traffic safety. Inaccurate 
and risky lane-changing decisions are already reported in the past research to cause collisions 
(Pande and Abdel-Aty, 2006, Ahammed et al., 2008, Li and Sun, 2017, Ali et al., 2020c). To 
determine and compare the impact of lane-changing attempts (both failed and successful) on 
traffic safety, Deceleration Required to Avoid the Crash (DRAC)––a surrogate measure of 
safety is used. Cooper and Ferguson (1976) defined DRAC as the deceleration rate required by 
the following vehicle to be applied to avoid the crash with the leading vehicle. Similar to the 
average speed calculation, DRAC is calculated within 2 s after the lane-changing attempt. 

Apart from DRAC, speed is also used as an indicator for crashes and injury severity in 
the literature (Behnood and Mannering, 2017, Mannering, 2018, Fountas and Anastasopoulos, 
2017, Mohammadi et al., 2014).

4.2.3 Factors affecting failed lane-changing attempts

Since failed lane-changing attempts have a significant impact on traffic flow efficiency and 
safety parameters, it is of the utmost importance to determine factors that cause a lane-change 



15

manoeuvre to fail. As such, a thorough literature review was carried out to identify commonly 
observed factors in both the current driving lane and the target lane (Ahmed, 1999, Toledo et 
al., 2003, Toledo et al., 2005, Ali et al., 2018a, Ali et al., 2020c), and can assist in identifying 
all the potential variables for the model. These variables are divided into two classes: factors 
related to the current lane and factors for the target lane. The factors related to the former class 
are speed of SV, speed of LV, relative speed of SV and LV, spacing/distance to LV, type of 
LV (heavy vehicle or normal car). Similarly, the factors related to the target lane are lead and 
lag gaps, type of LV in the target lane (heavy vehicle or normal car), difference in the position 
of LV in the target lane and the current lane, speed of FV in the target lane, speed of LV in the 
target lane, speed difference of LVs in the target lane and the current lane, and speed difference 
between SV with FV in the target lane. Some studies on safe and unsafe lane-changes (Wang 
et al., 2019, Pantangi et al., 2020) have suggested to use driver characteristics as an input to the 
model. However, we could not include driver characteristics in the random parameters model 
because of the unavailability of such demographic information in NGSIM data. Table 2 
indicates the descriptive statistics of selected explanatory variables for the random parameters 
model.

Table 2 Summary of statistics of the independent variables included in the random 
parameters binary logistic model

Variable Description of operational variables Mean Standard deviation
MLC

Speed of SV Instantaneous speed of the subject vehicle (in m/s) 11.64 4.42
Lead gap Distance between the front bumper of the subject 

vehicle to the rear bumper of the leading vehicle in 
the target lane (in m)

11.48 7.31

Relative speed Difference in the speed of the subject vehicle to the 
speed of the following vehicle in the target lane (in 
m/s)

8.40 4.99

DLC
Relative speed-a Difference in the speed of the leading vehicle to the 

speed of the subject vehicle in the current lane (in 
m/s)

2.74 1.40

Relative speed-b Difference in the speed of the leading vehicle in the 
target lane to the speed of the subject vehicle in the 
current lane (in m/s)

2.24 0.21

Relative speed-c Difference in the speed of the subject vehicle to the 
speed of the following vehicle in the target lane (in 
m/s)

2.01 0.51

To study the relationship of the nature of lane-changing (failed or successful) and 
potential factors, a failed lane-changing occurrence function, , that determines whether a 𝑌𝑖𝑛
discrete outcome of the lane-changing attempt i would be failed or not for a given driver, n, 
can be written as

(2)𝑌𝑖𝑛 = 𝛼 + 𝜷𝑿 + 𝜖𝑖𝑛

where,  is the intercept; X is the vector of explanatory variables, consisting of  (e.g., 𝛼 𝑥1, 𝑥2…𝑥𝑛
speed, spacing, etc.);  is the vector of estimable parameters for discrete outcome, i, (i.e., failed 𝜷
or successful lane-changing attempt),  is the error (or disturbance) term. Two models are 𝜖𝑖𝑛
developed separately for mandatory and discretionary lane-changings, and their corresponding 
explanatory variables are described in the ensuing section. 
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The formulation presented in Equation (2) assumes that  is constant across  𝛽
observations (or drivers). In other words, the effect of  on the probability of failing lane-𝑥1
changing attempts remains the same for all drivers. Unlike fixed parameters model, random 
parameters models are generally preferred since they capture driver-level heterogeneity and 
account for idiosyncratic nature of each observation. For instance, Cai et al. (2018) developed 
a random parameters model to examine zonal effects for segment and intersection crash 
modelling; Eker et al. (2019) explored public perception of future generation of vehicle towards 
safety using a random parameters model; Fountas et al. (2019) analysed the effects of drivers 
characteristics as well as fatigue and distraction on aggressive driving behaviour using a 
random parameters model. Recently, Sharma et al. (2020) have estimated random parameters 
models for investigating response time in a connected environment during a car-following task. 
Several other applications of random parameters models are reported in the literature (see 
Fountas et al. (2018b); Fountas et al. (2018a); Hamed and Al-Eideh (2020); Heydari et al. 
(2018); Pantangi et al. (2019); Saeed et al. (2019); Sarwar et al. (2017)). There is also a large 
body of literature of using random parameters logit models (or mixed logit models) to model 
preference heterogeneity in discrete choice making (e.g., Train (2009); Hensher et al. (2005); 
Zheng et al. (2016); Zhou et al. (2020a)). This modelling framework is particularly useful for 
this study to investigate any heterogeneity in the probability of failing lane-changing attempts. 
Thus, a random parameters model is selected in this study.

Following Fountas et al. (2018b) and Greene (2012), random parameters can be 
introduced in a failed lane-changing occurrence function allowing the estimation of separate 
vector of  for each observation (or driver), as𝜷𝒊 

(3)𝜷𝒊 = 𝜷 + Γ𝛿𝑖

where  indicates the mean value of a random parameter vector,  is a Cholesky matrix (for 𝜷 Γ
more details, refer to Greene (2012)) whose elements are used for calculating the standard 
deviation of a random parameter, and  is a random term with mean and variance respectively 𝛿
equal to zero and one. Assuming the logit distribution function for the error term, the 
probability of failing a lane-change attempt can be obtained using Equation (4). Note that in 
the case of random parameters (or mixed) binary logit model, i = 1 refers to the outcome of the 
model as failed lane-changing attempt and 0, otherwise.

(4)𝑃𝑛(𝑖│𝜑) =  ∫
𝑒

(𝛽𝑖𝑋𝑖𝑛)

1 + 𝑒
(𝛽𝑖𝑋𝑖𝑛) 𝑞(𝜷|𝜑)𝑑𝛽

where,  shows the mixed logit probabilities for a given range of  obtained from the 𝑃𝑛(𝑖│𝜑) 𝜷
specified distribution for each random parameter. In particular, the variation of is often 𝜷 
obtained from a density function  where  is distributional parameters (e.g., mean and 𝑞(𝛽|𝜑) 𝜑
variance for the normal distribution) and also called as mixing distribution in the literature 
(Fountas et al., 2018b, Washington et al., 2020).

For the estimation of random parameters models like the one mentioned above, a 
simulation-based maximum likelihood estimation approach is frequently adopted in the 
literature (Sharma et al., 2020). More specifically, to obtain the (weighted average) 
probabilities of various  values using Equation (4),  values are drawn from the specified 𝛽 𝛽
density function  for given values of . Halton draws are used for sampling as they 𝑞(𝜷|𝜑) 𝜑
provide efficient probability approximation (Bhat, 2003, Behnood and Mannering, 2017). The 
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number of Halton draws during the simulation is 1000, which are reported as sufficient in the 
past research (Bhat, 2003, Sharma et al., 2020).

Note that for the model development process and finalising the explanatory variables, 
we have implemented a two-step strategy. At the first step, a correlation analysis is carried out 
to gain some preliminary understanding about the relationship between each pair of variables. 
For the variables in the current lane, correlations are significant between: the speed of SV and 
spacing, the speed of LV and spacing, the speed of SV and relative speed (LV–SV), and the 
speed of LV and the relative speed (LV–SV). For the variables in the target lane, correlations 
are significant between: lead gap and the speed of LV, lag gap and the speed of FV, lead and 
lag gaps with the relative speeds. Such information was kept in mind during the model 
development process.

Introducing correlated variables in the model can cause major misspecification issues 
such as multicollinearity, which can lead to biased estimates (note that we also assess the 
presence of multicollinearity in the model by examining the variance inflation factor, whose 
value was quite small, implying that there is no multicollinearity in the model). Meanwhile, 
selecting explanatory variables solely using correlation analysis may lead to an omitted 
variables bias (Washington et al., 2020, Alnawmasi and Mannering, 2019, Mannering, 2018, 
Mannering et al., 2016) because it is mathematically possible that two correlated variables can 
still produce two statistically significant parameters, depending on the structure of the variation 
in the data. To overcome this problem, at the second step, a series of models were estimated 
and compared following various combinations of variables (including correlated and 
uncorrelated variables), and the parsimonious model is selected based on goodness-of-fit 
measures like likelihood ratio test, McFadden R2, and AIC.

The dataset used for developing the binary logistic model is NGSIM I-80 data because 
of high number of observations whereas the connected environment data from the driving 
simulator is not utilised because of small sample size (more discussion to follow in the next 
section).

4.3 Incorporating failed lane-changing attempts into lane-changing decision models

One of the major structural deficiencies found in most of the existing LCD models is the 
absence of failed lane-changing attempts (called as structural incompleteness of LCD models 
(Zheng, 2014)). Thus, the model estimates are likely to be unrealistic and do not replicate the 
observed lane-changing behaviour. As such, this study incorporates failed lane-changing 
attempts into the existing CLACD (Complete LAne-Changing Decision) model. The 
mandatory lane-changing part of CLACD is extended and presented herein while the 
discretionary lane-changing part of CLACD is presented elsewhere (Ali et al., 2020b). CLACD 
captures the mandatory lane-changing behaviour in both the traditional and connected 
environments. Due to the small sample size of the connected environment data from the driving 
simulator, the traditional environment model of CLACD is used. Note that this model is 
calibrated and validated using NGSIM data (i.e., I-80).

Consider a merging scenario (Figure 6) where SV is merging from an on-ramp to 
freeway and the immediate FV is travelling on freeway (i.e., the target lane). The two players 
in the game are SV and FV. SV’s motive in the game is to merge into freeway traffic as soon 
as possible while the motive of FV is to continue its current state of motion. To accomplish the 
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motive, the strategies of SV in the game include merging, waiting for another gap, or aborting 
the merging manoeuvre (failed mandatory lane-changing) while the strategies for FV in the 
game are accelerating, decelerating, or doing nothing. FV can also change lanes in response to 
the merging attempt of SV, but this strategy is not considered because it would essentially 
become a new game for FV; more details on this can be found in Ali et al. (2019b). The merging 
game in its normal form is presented in Table 3.

Fig. 6. A typical merging scenario

Table 3 The merging game in the normal form
FV

SV Accelerating/Forced 
yielding (F1)

Decelerating/Courtesy 
yielding (F2)

Doing nothing (F3)

(S1) Merging P11, Q11 P21, Q21 P31, Q31

(S2) Waiting P12, Q12 P22, Q22 P32, Q32

(S3) Failed MLC P13, Q13 P23, Q23 P33, Q33

          MLC: mandatory lane-changing

4.3.1 Payoff functions

(a) Payoffs for FV
Table 4 shows the payoff matrix for FV. In this table, stands for acceleration (more 𝐴𝑐𝑐 
discussion to follow later in description of each scenario); subscripts M, W and F represent 
merging, waiting, and failed, respectively; subscripts A, D, and DN respectively indicate 
acceleration, deceleration, and doing nothing;  represent the error terms that capture the 𝜀  &  𝛿
unobserved variation, and are assumed to follow a standard normal distribution, N ~ (0,1); and 

 are the parameters to be estimated.𝛼  &  𝛽
Consider the case where SV is merging and FV is accelerating. In this case, FV has to 

adopt a higher deceleration to avoid a collision with SV ( ). On the other hand, when 𝐴𝑐𝑐′𝐴 ― 𝑀
FV is decelerating to show courtesy to SV, FV would adopt a comfortable deceleration, and 
the corresponding payoff for FV is . When FV is continuing its state (i.e., doing nothing),   𝑄21
the payoff of FV is . 𝑄31

When SV is waiting for another gap, FV will continue its current state dictated by the 
leader, and the corresponding payoffs are reported in Table 4.
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When SV has aborted the merging manoeuvre (i.e., failed mandatory lane-changing), 
FV can accelerate, decelerate, and remain unaffected by the action of SV. The payoffs for FV 
in these cases will remain the same as in the case of merging strategy. 

(b) Payoffs for SV

When SV is merging and FV is accelerating, SV calculates the acceleration ( ) to reach 𝐴𝑐𝑐𝑀 ― 𝐴
at the merging point prior to FV by adopting the maximum acceleration. In contrast, SV adopts 
a comfortable acceleration when FV is showing courtesy to SV for merging, and the 
corresponding payoff is . SV’s payoff when FV is neither accelerating nor decelerating but 𝑃21
continuing its current state is .𝑃31

When SV is waiting for the next available gap, SV calculates the acceleration with 
respect to the remaining distance in the acceleration lane, and the payoffs for different strategies 
are presented in Table 4.

Table 4 Payoff matrices for SV and FV in the merging game
 Players SV

Strategies Merging (S1) Waiting (S2) Failed MLC (S3)

Accelerating (F1) 𝑄11 = 𝛼0
11 + 𝛼1

11𝐴𝑐𝑐′𝐴 ― 𝑀 + 𝜀11𝑄12 = 𝛼0
12 + 𝛼1

12𝐴𝑐𝑐𝐴 ― 𝑊 + 𝜀12𝑄13 = 𝛼0
13 + 𝛼1

13𝐴𝑐𝑐𝐴 ― 𝐹 + 𝜀13

Decelerating (F2) 𝑄21 = 𝛼0
21 + 𝛼1

21𝐴𝑐𝑐𝐷 ― 𝑀 + 𝜀21𝑄22 = 𝛼0
22 + 𝛼1

22𝐴𝑐𝑐𝐷 ― 𝑊 + 𝜀22𝑄23 = 𝛼0
23 + 𝛼1

22𝐴𝑐𝑐𝐷 ― 𝐹 + 𝜀23

Pa
yo

ff
 fo

r F
V

FV

Doing nothing 
(F3)

𝑄31 = 𝛼0
31 + 𝛼1

31𝐴𝑐𝑐𝐷𝑁 ― 𝑀 + 𝜀31𝑄32 = 𝛼0
32 + 𝛼1

32𝐴𝑐𝑐𝐷𝑁 ― 𝑊 + 𝜀32𝑄33 = 𝛼0
33 + 𝛼1

33𝐴𝑐𝑐𝐷𝑁 ― 𝐹 + 𝜀33

Accelerating (F1) 𝑃11 = 𝛽0
11 + 𝛽1

11𝐴𝑐𝑐𝑀 ― 𝐴 + 𝛿11𝑃12 = 𝛽0
12 + 𝛽1

12𝐴𝑐𝑐𝑊 ― 𝐴 + 𝛿12𝑃13 = 𝛽0
13 + 𝛽1

13𝐴𝑐𝑐𝐹 ― 𝐴 + 𝛿13

Decelerating (F2) 𝑃21 = 𝛽0
21 + 𝛽1

21𝐴𝑐𝑐𝑀 ― 𝐷 + 𝛿21𝑃22 = 𝛽0
22 + 𝛽1

22𝐴𝑐𝑐𝑊 ― 𝐷 + 𝛿22𝑃23 = 𝛽0
23 + 𝛽1

23𝐴𝑐𝑐𝐹 ― 𝐷 + 𝛿23

Pa
yo

ff
 fo

r S
V

FV

Doing nothing 
(F3)

𝑃31 = 𝛽0
31 + 𝛽1

31𝐴𝑐𝑐𝑀 ― 𝐷𝑁 + 𝛿31𝑃32 = 𝛽0
32 + + 𝛽1

32𝐴𝑐𝑐𝑊 ― 𝐷𝑁 + 𝛿32𝑃33 = 𝛽0
33 + + 𝛽1

33𝐴𝑐𝑐𝐹 ― 𝐷𝑁 + 𝛿33

Note that  ≠  ≠  as it is expected that FV places different weights to different scenarios. Similarly, ≠α1
12 α1

22 α1
32 𝛽1

11

, ≠ , ≠ ; MLC: mandatory lane-changing𝛽1
13 𝛽1

21 𝛽1
23 𝛽1

31 𝛽1
33

When SV aborts the merging manoeuvre against various strategies adopted by FV, SV 
calculates the acceleration to remain in the current lane and avoid a collision with LV. The 
mathematical formulations of these accelerations are presented in Equations (5–7) while the 
payoff functions are presented in Table 4. Note that the payoff functions are calculated using 
initial and projected states, which are based on Newtonian equations. More description on 
payoff formulation can be seen in Ali et al. (2019b).

  (5)𝐴𝑐𝑐𝐹 ― 𝐴 =
2(𝑅𝐷 ― (𝑣′𝑆𝑉 ― 𝑣′𝐹𝑉)𝑡𝑏)

𝑡2
𝑏

(6)𝐴𝑐𝑐𝐹 ― 𝐷 =
2(𝑅𝐷 ― 𝑣′𝑆𝑉𝑡𝑏)

𝑡2
𝑏

(7)𝐴𝑐𝑐𝐹 ― 𝐷𝑁 = { 𝐴𝑐𝑐𝐹 ― 𝐴, 𝑆𝑉 < 𝐿𝑉
𝐴𝑐𝑐𝑆𝑉 𝑂𝑅 𝑣𝑆𝑉 , 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
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where,  and  are the projected states (based on Newtonian equations of motion) of FV 𝑣′𝐹𝑉 𝑣′𝑆𝑉
and SV, respectively;  is the time taken by FV to react (i.e., 2 s (AUSTROADS, 1993)); RD 𝑡𝑏
= remaining distance (m) in the acceleration lane for SV.
4.3.2 Empirical evidence of the strategies

Using the Bottom-Up segmentation algorithm (Keogh et al., 2004), empirical evidence of the 
strategies found in the I-80 data is presented. The Bottom-Up algorithm segments the speed 
profiles, which are subject to Ozaki (1993)’s definition for classifying FV’s actions into 
acceleration, deceleration, and doing nothing. From trajectory data source, SV’s action of 
merging and waiting are obtained while the WT-based method provides information about 
failed mandatory lane-changing attempts. Table 5 presents the empirical evidence of strategies 
extracted from the I-80-F data. Note that the results of I-80-R data are not reported herein to 
avoid confusion. Different proportions of strategies are observed in the I-80-F data, providing 
evidence of the game between SV and FV in the real data. When SV aborts the mandatory lane-
changing manoeuvre, about 2.44%, 3.54%, and 7.23% of drivers accelerate, decelerate, and 
remain unaffected, respectively.

Table 5 Empirical evidence of strategies in the I-80-F data
Strategy Count Percentage

Accelerating and Merging (S  1) 96 7.55

Decelerating and Merging (S  2) 74 5.82

Doing nothing and Merging (S  3) 382 30.03

Accelerating and Waiting (S  4) 172 13.52

Decelerating and Waiting (S  5) 146 11.48

Doing nothing and Waiting (S  6) 234 18.40

Accelerating and Failed MLC (S  7) 31 2.44

Decelerating and Failed MLC (S  8) 45 3.54

Doing nothing and Failed MLC (S  9) 92 7.23

     MLC: mandatory lane-changing

4.3.3 Model calibration and validation

In this study, two models are calibrated using the NGSIM I-80 data: one without the extension 
of failed mandatory lane-changing attempts (i.e., the original CLACD model adopted from Ali 
et al. (2019b)) and one with the extension of failed mandatory lane-changing attempts into the 
existing modelling framework (i.e., the extended CLACD model). Both these models are 
calibrated using a bi-level optimisation framework, originally developed by Liu et al. (2007) 
and rigorously tested in the past research (Ali et al., 2019b, Ali et al., 2020b).

The upper level of calibration framework is a minimisation problem, which minimises 
the squared difference between the observed lane-changing decisions and the predicted lane-
changing decisions. To achieve this goal, the gradient descent algorithm is used. Past studies 
have shown a better computational performance of the gradient descent algorithm over genetic 
algorithm (Ali et al., 2019b, Ali et al., 2020b), and thus, gradient descent algorithm is used in 
this study.
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The lower level of calibration framework is finding Nash equilibrium. In a simple game, 
it is possible that more than one equilibrium exists. Thus, finding the entire set of Nash 
equilibria is challenging in nature. As such, this study uses support enumeration method 
(Talebpour et al., 2015) to obtain the entire set of Nash equilibria. This calibration framework 
jointly estimates the parameters of payoffs and the probability of equilibrium selection to 
accommodate multiple equilibria, and is consistent with the probability of equilibrium selection 
method proposed by Kita et al. (2002).

The predictive accuracy of the developed models is tested using the estimated 
parameters obtained from the above calibration framework. Since the game theory approach 
provides insights into discrete action of players and so is the lane-changing decision model’s 
output, the concept of confusion matrix is adopted in this study to demonstrate the predictive 
capability of the developed models. The confusion matrix consists of true and false positives, 
detection and false alarm rates. True positive refers the cases where the observed lane-changing 
decision matches the model predicted lane-changing decision; false positive refers the cases 
where the observed lane-changing decision does not match the model predicted lane-changing 
decision; detection rate indicates the percentage of correct lane-changing decisions predicted 
by the model; and false alarm rate shows the percentage of false lane-changing decisions 
predicted by the model. To gain further insights into the microscopic performance of the model, 
the time and the location errors are calculated. The time error indicates the temporal difference 
between the observed lane-changing decision and the model predicted lane-changing decision. 
The location error is the spatial difference between the observed lane-changing decision and 
the model predicted lane-changing decision.

5. Results and Discussion

5.1 Detecting failed lane-changing attempts

Using the WT-based method described earlier, failed lane-changing attempts are detected from 
the I-80-F, I-80-R, and the driving simulator data (note that the results of the I-80-R are not 
presented herein to avoid redundancy). As the ground truth is known in the driving simulator 
data, the WT-based method is firstly employed to the driving simulator data to demonstrate its 
performance in identifying failed lane-changing timestamps. Moreover, different types of 
mother wavelets are also compared using the driving simulator data. Note that the data from 
both the baseline and connected environment scenarios are utilised.

Table 6 shows the results of the WT-based method employed on the driving simulator 
data. In the baseline scenario, where drivers are not assisted with any surrounding traffic 
information, 32 failed lane-changing attempts are observed, and the WT-based method is able 
to detect 29 of them. In the connected environment scenario, where drivers receive the 
subsequent gap information, 20 failed lane-changing attempts are observed and the accuracy 
of the WT-based method for this scenario is about 90%. Notably failed lane-changing attempts 
in the baseline scenario are about 1.6 times higher than that of the connected environment 
scenario, implying that the connected environment assists in making more informed and safer 
lane-changing decisions. Note that the results presented in Table 6 are obtained using the 
Mexican hat wavelet. More information on why we have selected the Mexican hat wavelet is 
presented in the ensuing paragraph.

Table 6 A summary of the performance of the WT-based method using confusion matrix
Cases N TP FP DR (%) FAR (%)
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Overall 52 47 5 90.4 9.6
Baseline 32 29 3 91 9
Connected environment 20 18 2 90 10

N: no of cases; TP: true positive; FP: false positive; DR: detection rate; FAR: false alarm rate

Table 7 shows a comparison of six different types of mother wavelets for detecting 
failed lane-changing attempts using the driving simulator data. The mean error, reported in 
Table 7, is the difference between the observed timestamp for a failed lane-changing attempt 
and the timestamp obtained from the WT-based method for a failed lane-changing attempt. 
Mexican hat and Gaussian 2 wavelets show the highest detection rate for detecting failed lane-
changing attempts in both the scenarios. Notably, the mean errors for Gaussian 2 wavelet are 
about 3.5 and 2.8 times higher than that of Mexican hat in the baseline and connected 
environment driving conditions, respectively, further underscoring the efficacy of the Mexican 
hat wavelet in detecting failed lane-changing attempts. This is also consistent with the findings 
reported by Zheng and Washington (2012). Note that similar findings were obtained when 
different Mother wavelet are applied to synthetic profiles of NGSIM and the driving simulator 
data, and to avoid redundancy, these results are not presented here.

Table 7 A comparison of different wavelets using confusion matrix
Mean error TP FP DR (%) FAR (%)Type of 

wavelet Base CE Base CE Base CE Base CE Base CE
Mexican hat 3.44 3.11 29 18 0 0 100 100 0 0
Gaussian 1 37.9 27.33 25 15 4 4 86 83 14 17
Gaussian 2 12.03 8.77 29 17 0 1 100 94 0 6
Gaussian 4 28.31 10.05 27 16 2 2 93 88 7 12
Morlet 3.00 5.83 4 10 25 8 7 55 93 45
Symlet 8.96 13 16 15 13 3 55 83 45 17

Base: baseline; CE: connected environment; N for baseline = 29; N for connected environment = 18

After confirming the accuracy of the WT-based method for detecting failed lane-
changing attempts when the ground truth is known, the next step is to employ the WT-based 
method on the I-80-F data where the ground truth is unknown. As shown in Table 8, about 29% 
and 12% failed lane-changing attempts are found respectively for mandatory and discretionary 
lane-changing manoeuvres from the I-80-F data. Similar frequencies of failed lane-changing 
attempts were obtained using the I-80-R data.

Table 8 Detection of failed lane-changing attempts from the I-80-F data using the WT-based 
method

Type of lane-changing N Failed lane-
changings

Successful lane-
changings

% of failed lane-
changings

Mandatory lane-changing 589 172 417 29

Discretionary lane-changing 1285 156 1129 12

5.2 Analysing the impact of failed lane-changing attempts

To analyse the impact of failed lane-changing attempts on traffic flow efficiency and safety, 
average speed reduction and DRAC are calculated for the I-80-F data. For the comparison, 
these parameters are also calculated for successful lane-changing attempts. Note that for 
mandatory lane-changing, the current lane is the acceleration lane from where the merging 
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vehicle starts the mandatory lane-changing manoeuvre and the target lane is the lane adjacent 
to the acceleration lane where the merging vehicle joins the freeway traffic (see Figure 1 for 
an example). Whilst for discretionary lane-changing, all the inner lanes except HOV and the 
acceleration lane are considered, and the current lane is the lane from where the vehicle starts 
a discretionary lane-changing manoeuvre and the target lane is the lane where the discretionary 
lane-changing manoeuvre ends (see Figure 1). 

Table 9 shows the impact of failed and successful lane-changing attempts on traffic 
flow efficiency and safety parameters for both mandatory and discretionary lane-changing 
manoeuvres. The average speed reductions during failed and successful mandatory lane-
changing attempts, which indicate the decrease in the speed of immediate follower in the 
current lane, are respectively 5.69 m/s and 4.55 m/s, indicating 20.1% increase in the average 
speed reduction in the current lane caused by failed mandatory lane-changing attempts 
compared to the successful ones. Similarly, the average speed reductions caused by failed and 
successful mandatory lane-changing attempts in the target lane are 7.87 m/s and 6.07 m/s, 
respectively, implying that failed mandatory lane-changing attempts cause 29.7% higher speed 
reduction compared to successful mandatory lane-changing attempts. These results reveal that 
the impact of failed mandatory lane-changing attempts prevails in both the lanes. A similar 
impact of failed discretionary lane-changing attempts has been observed for the average speed 
reduction during discretionary lane-changing manoeuvres (Table 9).

Table 9 A comparison of the impact of failed and successful lane-changing attempts in 
NGSIM data

Nature of lane-changingType of lane-
changing Lane Parameter

Failed Successful
% increase

Average speed reduction
[m/s, SD] 5.69 (3.82) 4.55 (2.01) 20.1

Current
DRAC [m/s2, SD] -4.07 (2.02) -0.43 (0.1) 89.4

Average speed reduction
[m/s, SD] 7.87 (3.38) 6.07 (3.22) 29.7

Mandatory

Target
DRAC [m/s2, SD] -3.69 (1.82) -1.14 (0.4) 69.1

Average speed reduction
[m/s, SD] 4.01 (1.23) 3.40 (1.01) 15.2Current

DRAC [m/s2, SD] -4.87 (0.42) -0.04 (0.36) 99.2
Average speed reduction

[m/s, SD] 5.28 (1.42) 4.34 (1.22) 17.8
Discretionary

Target
DRAC [m/s2, SD] -3.42 (0.21) -2.14 (0.56) 37.4

Table 9 also shows DRACs calculated for both types of lane-changing manoeuvres. 
During failed mandatory lane-changing attempts, the DRACs in the current lane and the target 
lane are -4.87 m/s2 and -3.42 m/s2 respectively, while the corresponding DRACs for the 
successful mandatory lane-changing attempts are respectively -0.04 m/s2 and -1.14 m/s2. About 
99.2% and 66.6% higher deceleration rates are required during failed mandatory lane-changing 
attempts compared to the successful ones in the current lane and the target lane, respectively. 
A similar but lower impact has been observed for discretionary lane-changing manoeuvres. 
These results show that failed lane-changing attempts have a profound and detrimental impact 
on traffic safety.
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As speed reduction (or variation) is reported to cause traffic crashes (Zheng et al., 
2010), the disruption caused by failed lane-changing attempts traffic is more pronounced in 
both the lanes and thus increase the crash risk compared to successful lane-changing attempts.

From the above descriptive analysis, it is evident that failed lane-changing attempts 
disrupt traffic in the current lane as well as in the target lane more than successful lane-changing 
attempts. One of the possible reasons could be the decision errors of drivers in estimating 
surrounding traffic speeds and gaps in the target lane during the lane-changing decision-making 
process. To this end, the connected environment provides driving messages that are expected 
to minimise (if not completely eliminate) these decision errors. Figure 7 shows average speed 
reduction and DRAC of the immediate follower in the target lane using the driving simulator 
data. Two noteworthy observations from this figure are: (i) consistent with what we have found 
from NGSIM data, failed lane-changing attempts, when driving without driving messages, are 
associated with 68.8% increase in speed reduction and 52.8% increase in DRAC compared to 
that of successful lane-changing attempts; (ii) the connected environment significantly reduces 
such negative impacts of failed lane-changing attempts. More specifically, the average speed 
reduction during failed lane-changing attempts in the baseline condition (without driving 
messages) is 3.34 m/s while the corresponding speed reduction for the connected environment 
is 2.15 m/s, and the average DRAC during failed lane-changing attempts in the baseline 
condition (without driving messages) is -5.11 m/s2 while the corresponding DRAC for the 
connected environment is -3.37 m/s2. This difference is statistically significant (p-value < 
0.05), and implies that the connected environment significantly reduces the disruption caused 
by failed lane-changing attempts. 
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Fig. 7. Impact of the connected environment on speed reduction and DRAC during failed and 

successful lane-changing attempts using the driving simulator data

5.3 Factors that impact failed lane-changing attempts

To determine what factors and how these factors affect the probability of failed lane-changing 
attempts, two logistic models are developed for mandatory and discretionary manoeuvres. To 
capture unobserved heterogeneity, standard binary logistic models are extended to random 
intercept and random parameters logistic models. The former model allows unobserved 
heterogeneity in the intercept of the model whereas the randomness is associated with an 
individual parameter in the latter model. In order to select the best model among the pool of 
candidate models, a comparison analysis is conducted models using the goodness-of-fit 
measures such as AIC, McFadden’s Pseudo R-Squared (adjusted) values, and likelihood ratio 
test. Table 10 shows the summary of model comparison and results indicate that random 
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parameters model outperforms its competing models, and thus selected in this study. As this 
study aims to capture the unobserved heterogeneity associated with failed lane-changing 
attempts, various models (e.g., fixed effect, random intercept, and random parameters) are 
estimated in this study. Note that as there is only one failed lane-changing attempt per driver, 
panel effect does not exist, and as such, we have not used any panel data modelling approach.

Table 10 Model comparison statistics

AIC McFadden R2

Model
MLC DLC MLC DLC

Fixed effect model 453 836 0.17 0.18
Random intercept model 449 838 0.20 0.17

Random parameters model 373 810 0.28 0.25

 statistic𝝌𝟐 p-value
Log-likelihood ratio test (H0 = simpler model is better)

MLC DLC MLC DLC

Fixed effect vs. Random intercept model 0.7 0.8 > 0.05 > 0.05
Fixed effect vs. Random parameters model 83 42 <0.001 <0.001

Random intercept vs. Random parameters model 76 40 <0.001 <0.001
MLC: mandatory lane-changing; DLC: discretionary lane-changing

The developed models are a function of non-random and random parameters. The 
former parameters for the mandatory lane-changing model are the speed of SV and lead gap in 
the target lane whereas the latter parameter for the mandatory lane-changing model is the 
relative speed (speed difference between SV and FV in the target lane). Similarly, for the 
discretionary lane-changing model, the non-random parameters are the relative speed of LV 
and SV in the current lane (i.e., relative speed-a) and the relative speed of LV in the target lane 
and SV (i.e., relative speed-b) while the random parameter in this model is the relative speed 
of SV and FV in the target lane (i.e., relative speed-c). For the random parameters, normal 
distribution is assumed; however, other distributions such as uniform, lognormal, Weibull, and 
triangular distributions were also considered but the model either failed to converge or did not 
produce statistically significant results. Furthermore, although there were other potential main 
and interaction effects, which we tested during the model development process, they were 
either found to be statistically insignificant or did not improve the model fit. Thus, these 
variables were not retained in the parsimonious model. 

Prior to model development, it was found that data for modelling are heavily dominated 
by the successful lane-changing attempts (especially in the discretionary lane-changing case, 
156 failed discretionary lane-changing attempts versus 1129 successful discretionary lane-
changing attempts). To address this problem, a control-to-case ratio approach is adopted. In 
this study, the controls are successful lane-changing attempts while the cases are failed lane-
changing attempts found in the I-80-F data. Theoretically, it is difficult to determine the optimal 
control-to-case ratio, however, as a rule of thumb, the ratio of 4:1 is generally recommended, 
and has been successfully used for modelling freeway crash occurrence due to oscillation 
(Zheng et al., 2010). A sensitivity analysis is also performed by varying the control-to-case 
ratio from 4:1 to 7:1 (note that controls were selected from the total control population using 
uniform distribution so that every control should have an equal chance to be included in the 
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model), and the results suggest that the mean variation (measured by standard deviation) in the 
model parameters was about 0.005, implying that the model results are consistent (note that 
although the model parameters’ significance varied by testing various control-to-case ratios, 
the model parameters always remained significant in the model). Thus, the control-to-case ratio 
of 4:1 is selected in this study. Note that modelling results using the I-80-R data are omitted 
due to brevity.

Table 11 shows the estimation results of the random parameters binary logistic models 
developed in this study. To examine the effect of parameter estimates on failed mandatory lane-
changing attempts, elasticities for continuous variables are computed using the developed 
model. Following Hensher et al. (2005), this study computes direct elasticities using the point 
elasticity method in NLOGIT. More specifically, these elasticities, , are computed using 𝐸𝑃(𝑖)

𝑥𝑘𝑖

following formula.

(8)𝐸𝑃(𝑖)
𝑥𝑘𝑖 = [𝑖 ― 𝑃(𝑖)]𝛽𝑘𝑖𝑥𝑘𝑖

where  is elasticity for a continuous variable,  is the probability of failed lane-changing 𝐸𝑃(𝑖)
𝑥𝑘𝑖 𝑃(𝑖)

occurrence outcome i,  is the value of the variable k for outcome i, and  is the parameter 𝑥𝑘𝑖 𝛽𝑘𝑖
estimate of the variable k for outcome i. The elasticity measure indicates the percentage effect 
that 1% change in a continuous explanatory variable has on the outcome probability. Note that 
NLOGIT calculates elasticities across all observations and provides averaged over 
observations, and it also takes into account random parameters as well as non-linearity of the 
model. For more details, refer to Hensher et al. (2005).

For the mandatory lane-changing model, the speed of SV is negative and significant at 
a 5% significance level, with the corresponding elasticity suggesting that the probability of 
failing mandatory lane-changing attempts decreases by 0.25% for a 1% increase in the speed 
of SV. This is not surprising, because by increasing the speed during a mandatory lane-
changing manoeuvre, SV is more likely to complete the mandatory lane-changing manoeuvre 
and reach the target lane without making decision errors that may lead to aborting the 
mandatory lane-changing manoeuvre and cause safety hazards.

Table 11 A summary of the random parameters binary logistic models

Parameter Estimate SE z-value p-value Elasticity 95% CI [UL, LL]
Estimates

Non-random parameter
Constant 0.85 0.38 2.17 0.029 — —

Speed of SV (m/s) -0.47 0.05 -10.25 <0.001 -0.25 [-0.37, -0.57]

Lead gap in the target lane (m) -0.39 0.02 -16.92 <0.001 -0.19 [-0.35, -0.43]
Random parameter [Relative 
speed (SV – FV in TL, m/s)]
Mean 1.05 0.04 -9.89 <0.001 0.15 [1.13, 0.97]

Standard deviation 0.99 0.11 8.86 <0.001 — —

Non-random parameter
Constant -0.67 0.11 -5.98 <0.001 — —
Relative speed-a (LV – SV in 
CL)

-0.48 0.07 -6.22 <0.001 -1.13 [-0.34, -0.62]

Relative speed-b (LV in TL – 
SV)

-0.21 0.06 -3.60 <0.001 -0.04 [-0.09, -0.33]
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Random parameter [Relative 
speed-c (SV– FV in TL)]
Mean 0.25 0.06 4.21 <0.001 0.11 [0.37, 0.13]
Standard deviation 0.27 0.04 6.21 <0.001 — —

   TL: the target lane; CL: the current lane; CI: confidence interval; UL: upper limit; LL: lower limit

The lead gap variable is negative and significant in explaining the probability of failed 
mandatory lane-changing attempts. The elasticity for this parameter reveals that with a 1% 
increase in the lead gap in the target lane, the probability of failing mandatory lane-changing 
attempts decreases by 0.19%. Intuitively, a larger lead gap gives more space to SV to complete 
its mandatory lane-changing manoeuvre.

Unlike the above non-random variables that possess fixed coefficient values and 
describe unidirectional effect of the variables on the response variable, the mean and standard 
deviation (random parameter) of the relative speed reveals a significant heterogeneity and is 
found to be statistically significant in the model. Figure 8(a) shows the distribution of the 
relative speed coefficient that suggests the relative speed is positively associated for 85% of 
drivers, implying that with increase in the relative speed, the probability of failed lane-changing 
attempts increases for majority of drivers. An increase in the relative speed poses a significant 
safety concern, thus SV is more likely to abort the mandatory lane-changing manoeuvre to 
avoid the collision with FV.
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Fig. 8 Distribution of the coefficients of the relative speed

The random parameter also indicates that there exists a class of drivers (i.e., 15%) that 
are likely to fail lane-changing attempts when the relative speed decreases. One possible reason 
could be that these drivers might feel surrounding conditions unsuitable for changing lanes and 
thus they tend to abort lane-changing manoeuvres.

On the other hand, if a fixed parameter (or standard binary logistic) model is considered, 
the relative speed will always increase the probability of failing lane-changing attempts, which 
would be misleading as evident by Figure 8. To summarise, the random parameters model 
uncovers the differential effect of the relative speed on failed lane-changing attempts not only 
in magnitude but also in nature.

For the discretionary lane-changing model, the relative speed-a is significant at 95% 
confidence level and negatively associated with the probability of failing discretionary lane-
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changing attempts (Table 11). The elasticity for this parameter suggests that a 1% increase in 
this relative speed tends to decrease the probability of failing discretionary lane-changing 
attempts by 1.13%. The increase in the relative speed-a implies a higher speed of LV, 
suggesting that SV is more likely to properly execute the discretionary lane-changing 
manoeuvre without being too close to the leader in the current lane.

The relative speed-b is negative and significant in the binary logistic model for 
discretionary lane-changing, with the corresponding elasticity suggesting that a 1% increase in 
this relative speed decreases the probability of failing discretionary lane-changing attempts by 
0.04%. A higher relative speed-b indicates that LV in the target lane is moving away from SV 
and creating a sufficient lead gap for SV to complete its discretionary lane-changing 
manoeuvre.

Both the mean and standard deviation of the relative speed-c are significant in the 
model, revealing a significant heterogeneity in the effect of the relative speed-c on the 
probability of failing discretionary lane-changing attempts (see Figure 8(b) for the distribution 
of coefficients of the relative speed-c). This random parameter can be interpreted in a similar 
manner as we describe for mandatory lane-changing.

To gain more insights on how these factors affect the probability of failed lane-changing 
attempts, the value of each factor corresponding to 50% probability is calculated, which is 
termed as ‘the critical value’, by keeping other variables constant at the mean value. The 
probability of failing a lane-change attempt is calculated by increasing and decreasing the 
critical value by 100%, which will describe the criticality of a certain factor. For the mandatory 
lane-changing model, a 100% increase and decrease in lead gap correspond to 5.43% increase 
and decrease in the probability of failed mandatory lane-changing attempts while the 
corresponding increase and decrease for the relative speed (SV–FV in the target lane) is 11.5%. 
This shows a higher impact of the relative speed in the probability of failing a mandatory lane-
changing attempt.

For the discretionary lane-changing model, the increase and decrease in the critical 
value of the relative speed-a by 100% correspond to 12.2% increase and decrease in the 
probability of failed discretionary lane-changing attempts. The corresponding increase and 
decrease in the probability for the relative speed-b is 36.7% while it is 51.3% for the relative 
speed-c. Similar to the mandatory lane-changing model, the impact of the relative speed-c in 
the probability of failing a discretionary lane-change attempt is found to be higher among all 
other variables.

5.4 Incorporating failed lane-changing attempts into the game theory-based lane-
changing model

After detecting and analysing failed lane-changing attempts, the next natural step is to 
incorporate it into the existing CLACD model. This section demonstrates the results of the 
mandatory lane-changing component of CLACD model while our work on the discretionary 
lane-changing component of the CLACD model (and incorporating failed discretionary lane-
changing attempts) is presented in Ali et al. (2020b).

Table 12 presents the calibration results of the CLACD model (developed in Ali et al. 
(2019b) and called as the original model hereafter) and the extension of the original model 
(called as the extended model hereafter). Note that the extension refers to incorporating failed 
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mandatory lane-changing attempts in the original model. Both the models are calibrated using 
the I-80-F data and I-80-R data and the calibration framework described in Section 4.3.3. 
However, the results of only I-80-F data are presented herein.

During the calibration process, one of the challenging tasks is to select appropriate 
portion of trajectory for lane-changing model calibration. Selecting the entire trajectory during 
calibration will over-estimate the non-merging event and subsequently affect the model’s 
predictive capability, because the trajectory is heavily dominant by non-merging events while 
the merging events are rare. To circumvent this problem, this study selects equal number of 
merging and non-merging events so that the performance of the model can be more reliably 
assessed by incorporating failed lane-changing attempts.

For the original model, 774 (out of 1104) observations are used for model calibration 
using the I-80-F data. More specifically, an equal number of merging and non-merging events 
(387 out of 552) is used for calibration purpose. While for the extended model, the proportion 
of merging and non-merging events is the same, 116 (out of 168) failed mandatory lane-
changing attempts observations are used for calibration. The mean absolute errors (MAEs) for 
the original and the extended models are respectively 0.11 and 0.09. A lower error has been 
obtained using the I-80-R data and the corresponding results are not reported herein to avoid 
confusion.

Table 12 Calibration results for the original and the extended model; “-” means not 
applicable

Strategy Payoff Parameter Extended Original Parameter Extended Original
S‒1 𝛼0

11 0.27 -0.64 𝛼1
11 2.29 0.12

S‒2 𝛼0
21 -1.13 -1.07 𝛼1

21 3.11 0.5
S‒3 𝛼0

31 -1.41 0.08 𝛼1
31 3.51 2.68

S‒4 𝛼0
12 1.94 2.04 𝛼1

12 2.46 2.11
S‒5 𝛼0

22 1.58 1.72 𝛼1
22 1.07 1.24

S‒6

FV

𝛼0
32 1.49 0.48 𝛼1

32 1.76 0.5
S‒7 𝛼0

13 0.61 — 𝛼1
13 -0.69 —

S‒8 𝛼0
23 1.14 — 𝛼1

23 1.10 —
S‒9 𝛼0

33 0.84 — 𝛼1
33 2.28 —

S‒1 𝛽0
11 -4.14 4.66 𝛽1

11 -4.08 4.12
S‒2 𝛽0

21 7.69 2.81 𝛽1
21 -4.82 3.19

S‒3 𝛽0
31 2.43 -2.76 𝛽1

31 0.66 0.57
S‒4 𝛽0

12 3.31 -4.45 𝛽1
12 1.15 -8.06

S‒5 𝛽0
22 2.47 1.7 𝛽1

22 2.06 1.87
S‒6 𝛽0

32 -0.83 0.39 𝛽1
32 0.60 0.34

S‒7 𝛽0
13 0.10 — 𝛽1

13 0.48 —
S‒8 𝛽0

23 -1.17 — 𝛽1
23 -1.31 —

S‒9

SV

𝛽0
33 5.99 — 𝛽1

33 -4.44 —
MAE (extended) = 0.09; MAE (original) = 0.11

Extended: the extended CLACD model; Original: the original CLACD model

Using the parameter estimates presented in Table 12, both the models are validated, and 
the results are presented in a confusion matrix, as shown in Table 13. Note that the results 
presented in Table 13 and 14 are for I-80-F data whereas the results of the I-80-R data are 
omitted to avoid redundancy. The confusion matrix provides the overall validation accuracy of 
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the model, the predictive capability of merging and non-merging events, the prediction for 
failed mandatory lane-changing attempts, and for each strategy separately. The overall 
detection rates for the extended and the original models are respectively 82% and 80%. The 
extended model detects the merging, non-merging, and failed mandatory lane-changing events 
by 81%, 83%, and 81% respectively, while the corresponding detection rates for the original 
model are respectively 79%, 81%, and 0% (because the original model is unable to predict any 
failed mandatory lane-changing attempts).

A close inspection of both the model predictions reveals the difference in the predictive 
power of the model. Whilst predicting failed mandatory lane-changing attempts, the original 
model considers it as the non-merging event and compares this non-merging event with the 
model prediction of either non-merging event (Figure 9(a)) or merging event (Figure 9(b)). 
This shows that the original model does not completely reflect the observed mandatory lane-
changing behaviour including failed mandatory lane-changing attempts, and thus, further 
warranting the consideration of failed lane-changing attempts while modelling lane-changing 
behaviour.

Table 13 Model validation using confusion matrix 
The extended model The original model

Cases
N TP FP DR 

(%)
FAR 
(%) N TP FP DR 

(%)
FAR 
(%)

Overall 383 314 64 82 17 330 265 65 80 20

Merging 165 134 31 81 19 165 131 34 79 21

Non-merging 165 137 23 83 14 165 134 31 81 19

Failed MLC 53 43 10 81 19 - - - - -

S‒1 31 21 10 68 32 30 22 8 73 27

S‒2 27 22 5 81 19 25 16 9 64 36

S‒3 107 91 16 85 15 110 93 17 85 15

S‒4 46 36 10 78 22 55 51 4 93 7

S‒5 48 40 8 83 17 40 37 3 93 8

S‒6 71 61 10 86 14 70 46 24 66 34

S‒7 10 5 5 50 50 - - - - -

S‒8 6 6 0 100 0 - - - - -

S‒9 37 32 5 86 14 - - - - -

MLC: mandatory lane-changing
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(a) The failed lane-changing event is predicted as a 
non-merging event by the original model

(b) The failed lane-changing event is predicted as a 
merging event by the original model

Fig. 9. Examples: microscopic investigation of the models’ validation output

Table 14 shows the time and the location errors calculated for both the models. These 
errors can be used to assess the readiness of an LCD model to be incorporated with a car-
following model in a microsimulation package. The mean time error for the extended model is 
2.2 s, implying that the mean time difference between the observed and the predicted merging 
decisions varies by 2.2 s, while the corresponding time error for the original model is 4.7 s, 
which is about twice than that of the extended model. The location errors for the extended and 
the original models are respectively 17.7 m and 35.1 m. The mean location error of 17.7 m 
indicates that the difference in the location of the observed and the predicted merging decisions 
differs, on average, by 17.7 m. Notably, the location error in the original model is about 1.98 
times higher than that of the extended model. The lower time and location errors of the 
extended model imply the better microscopic performance and superiority of the extended 
model over the original model. This finding confirms that by incorporating failed lane-
changing attempts, the realism and predictive accuracy of lane-changing models can be 
substantially improved. 

Table 14 A comparison of the time and the location errors
The original model The extended model

Error
Mean (SD) Mean (SD)

Time (s) 4.7 (1.74) 2.2 (1.1)

Location (m) 35.1 (11.3) 17.7 (7.8)

Paired t-test for the time error

Paired t-test for the location error

p-value <0.001

p-value <0.001

6. Conclusions and Future Research Directions

The study investigated failed lane-changing attempts in traditional and connected environments 
and addresses the issue of lane-changing decision models’ structural incompleteness. Firstly, a 
Wavelet Transform (WT)-based method is employed to detect failed lane-changing attempts. 
This method was rigorously tested using synthetic data and the driving simulator data where 
the ground truth is known. The driving simulator experiment consisted of two driving 
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conditions: baseline (without any driving messages) and connected environment (with driving 
messages). In addition, using the driving simulator data, different mother wavelets were 
compared, and results reveal that the Mexican hat wavelet outperforms other wavelets. The 
WT-based method was then employed to detect failed lane-changing attempts in NGSIM (the 
I-80 data). Then, using NGSIM data, failed lane-changing attempts were analysed for 
evaluating their impacts on traffic flow efficiency and safety, and it was found that failed lane-
changing attempts lead to a higher speed reduction in both the current lane and the target lane 
compared to the successful ones. Similarly, a higher deceleration rate was required to avoid the 
crash during failed lane-changing attempts compared to the successful ones. The probability of 
drivers’ failed lane-changing attempts was modelled using a random parameters binary logistic 
model. The model identified random and non-random parameters. The former includes the 
relative speed whereas the latter contains parameters for drivers’ speed and lead gaps. The 
model revealed that the increase in the relative speed did not always lead to an increased 
probability of drivers to fail a lane-change attempts, although it was true for the majority of the 
drivers. Furthermore, using the connected environment data, this study found that drivers make 
more informed lane-changing decisions, resulting in lower number of failed lane-changing 
instances and reduced burden of failed lane-changing attempts of the immediate follower in the 
target lane. Lastly, by incorporating failed mandatory lane-changing attempts into an existing 
game theory-based mandatory lane-changing model, the model’s overall predictive capability 
was improved. Thus, the consideration of failed lane-changing attempts enhances the realism 
of a lane-changing decision model.

Although this study collected driving simulator data that contain driver characteristics 
information, we did not use the driving simulator data to develop the random parameters model 
because the simulator data would not provide any meaningful explanatory variables for the 
model given that the surrounding traffic in the simulator is programmed vehicles. To 
circumvent this challenge, this study used NGSIM data for estimating a random parameters 
binary logistic model. As this dataset does not provide socio-demographic information, it only 
allows us to capture the existence of the unobserved heterogeneity possible related to driver 
characteristics and other unknown factors. Future studies should utilise trajectory data in which 
socio-demographic information is available to make better use of advanced methods like 
random parameters models. Such models will not only assist in examining the impact of driver 
characteristics on failed lane-changing attempts but will also provide insights about the risky 
group of drivers who are most likely to be affected by failed lane-changing attempts. 
Furthermore, given the scope of the work, this study does not incorporate human factors in our 
model. To make it more realistic, it is important to consider human factors in the model, which 
is left for future research.

In this study, only one type of failed lane-changing attempt is examined, i.e., aborting 
the physically executed manoeuvre; however, there could be a variety of failed lane-changing 
attempts such as turning on the signal (to reveal lane-changing intentions) but  not performing 
lane-changing manoeuvre, etc. These different types of failed lane-changing attempts and their 
impacts are worth examining to get a complete picture of adverse effects of failed lane-
changing manoeuvres. Although this study uses the WT-based method to detect failed lane-
changing attempts, a comparison of various techniques for detecting failed lane-changing 
attempts deserves further investigation. Since it is difficult to determine from trajectory data 
what is the actual cause of aborting a lane-changing manoeuvre, a post-driving survey (if 
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conducted in a controlled environment like the driving simulator) or real-time video recordings 
of the driver and surrounding vehicles can provide answer to this question, which is an 
interesting topic for future research. Along this line, multiple connected driving simulators can 
be utilised that can reveal the impact of failed lane-changing attempts on a group of human 
drivers and how a connected environment assists in improving traffic flow efficiency and safety 
of a vehicle platoon. Lastly, this study only uses the game theory approach for modelling failed 
lane-changing attempts; other popular lane-changing approaches (e.g., utility theory-based 
approach) can also be tested in future research to incorporate failed lane-changing attempts.
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Highlights
1) A Wavelet Transform based method is employed to detect failed lane-changing 

attempts;
2) The impact of failed lane-changing attempts is examined on both traffic flow 

efficiency and safety parameters; 
3) How a connected environment influences these parameters is also explored using a 

random parameters binary logistic model;
4) Failed lane-changing attempts are incorporated into the existing lane-changing 

models.


