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ABSTRACT

Rear-end collisions between autonomous vehicles (AVs) and human-driven vehicles (HVs)
represent critical scenarios in road networks. Few studies have focused on the scenarios where
an HV hits an AV from behind (called HV-AV collision). This paper aims to investigate the
occurrence of HV-AV collisions in the Stop-in-Lane (SiL) scenario where an HV follows an AV.
A human-like brake control (HLBC) model is firstly proposed to simulate the driver brake control.
The HLBC model considers human driving intention, vision-based expectancy and certain inherent
characteristics of human driving to achieve dynamic human-like braking. Additionally, the joint
distribution of Off-Road-Glance and Time-Headway is originally introduced to simulate the glance
distraction of drivers during their dynamic vehicle control. Sequentially, we apply the HLBC

model to the SiL scenario to investigate how the HV-AV collision probability changes with respect
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to various dynamic driving parameters. The results of the case study provide us a thorough
understanding of the dynamic driving conditions that lead to HV-AV collisions, and pave the way

for identifying practical countermeasures to improve the road safety involving AVs.

INTRODUCTION

Nowadays, the automotive industry is making a quantum leap toward the future. Road safety
involving autonomous driving (AD) is a hot topic for both industry and academia. As we know,
a growing number of dynamic driving tasks have been developed in AD systems (ADSs), such as
trajectory planning (Aerts and Schaminée 2017; Chen et al. 2021; Lee and Kum 2020), obstacle
avoidance (Cho et al. 2018; Leman et al. 2019; Feng et al. 2020) and lane changing (Zhu et al.
2018; Liu et al. 2022). Yet, many safety-related unknowns need to be investigated toward deploying
autonomous vehicles (AVs) with aforementioned dynamic driving tasks. As stated in (Wang et al.
2020), China is the world’s largest automotive market and is ambitious for AVs development.
Moreover, according to (Chen et al. 2023), “AD accident” is among the top three most-searched
keywords in China. Recently, the Beijing Innovation Center for Mobility Intelligent (BICMI)
reported the on-road AV testing in the restricted areas in Beijing that by July 2023, the autonomous
driving mileage has exceeded 17 million km (BICMI 2023). However, there are few disengagement
and accident reports are available along with these testing activities yet, to the best of the authors’
knowledge. It would be meaningful if the accident-related information can be available publicly,
and the shared information could be beneficial for stakeholders to promote the safety of AVs
and build the customers’ confidence in AVs. On the other hand, as an illustration in U.S., from
July 2021 to May 2022, automakers reported nearly 400 crashes involving vehicles equipped
with partially automated driver-assist systems on U.S. roads, including 273, 90 and 10 crashes
involving Teslas, Honda and Subaru, respectively, according to statistics released by U.S. safety
regulators (Wagner 2022). According to the statistics from the National Highway Traffic Safety
Administration (NHTSA) (NHTSA 2022), up to May 2022, there are 132 crashes involving AVs
reported officially. In these 132 crashes, 106 crashes reported collisions with other vehicles, and

11 crashes involved vulnerable road users (7 with cyclists, 2 with motorcycles and another 2
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with non-motorist electric scooters). NHTSA also stated that collisions between human-driven
vehicles (HVs) and AVs are the main type of collisions involving AVs, of which collisions that
HVs hit AVs from behind (called HV-AV collisions) make up more than 30% (Petrovi¢ et al. 2020;
Mohammadian et al. 2021; Wang et al. 2022). Hence, there is a pressing need for effective methods
to investigate the risk of HV-AV collisions.

With the aim of understanding human driving intention/behaviour, particularly the brake control,
and investigating HV-AV collision risk, when analyzing the existing studies, one can notice that
using models to achieve such an aim is gaining popularity. In the existing studies, models are often
employed to generate driving behaviours further to achieve dynamic driving tasks (Jeong and Yi
2019; Ma et al. 2022; Tang et al. 2021; Chen et al. 2020; Yoo and Langari 2018; Xia et al. 2021),
analyse crash risk (Arbabzadeh and Jafari 2017; Strickland et al. 2018; Muzahid et al. 2020), or
respond to warnings and upcoming threats during driving (Birgman et al. 2017; Markkula 2014;
Svirdetal. 2017; Sviardetal. 2021). Since AVs need to share roads with HVs in the near future, some
existing models adopt end-to-end approaches based on artificial intelligence algorithms to predict
driving responses while ignoring the inherent characteristics of human drivers in reality, which
leaves little or no time for other vehicles to react. With this in mind, (Xia et al. 2021) developed
a Human-like Lane Changing Intention Understanding Model (HLCIUM) for ADSs to understand
the lane changing intentions of surrounding vehicles, which shows efficiency and robustness in
complex real urban traffic datasets. To model the interaction between AVs and HVs, (Yoo and
Langari 2018) developed a game theory based approach that allows for assessing the time evolution
of potential collision paths. In this work, the authors implement a reachability analysis of the
solution set of a simple hybrid dynamical system that captures the kinematics of the lane-change
process. The scenarios investigated in (Yoo and Langari 2018) appear to produce intuitively
reasonable behaviours that seem consistent with ordinary driving behaviours, and highlight the
prospects of this approach being implemented in AD strategies. On the other hand, (Arbabzadeh
and Jafari 2017) proposed a data-driven approach to quantitatively predict traffic risk that can be

customized for individual drivers by including driver-specific variables. The developed predictive
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model can be used to support a multitude of applications, including preventing crashes involving
vehicles equipped with an ADS or an Advanced Driver Assistance System (ADAS), safety risk
profiling of drivers, and safety risk scoring of roadway segments for dynamic hotspot analysis.
Over the last decades, numerous models have been elaborated to describe the driver steer-
ing/braking control to respond to warnings and upcoming threats in various traffic situations (Svérd
et al. 2021; Markkula et al. 2012), so as to avoid collisions. These models are useful for performing
virtual simulations for the purpose of road safety analysis (Bargman et al. 2017), and can be applied
to traffic scenarios with a mix of AVs and regular vehicles. However, most of these models for driver
avoidance response simulation are mainly based on the basic kinematics, a scenario-independent
distribution of the driver reaction time or predetermined intervention profiles; moreover, they prin-
cipally adopt an arbitrary assumption that drivers always keep their eyes on the road (Svérd et al.
2021), while the driver’s sight is impossible to always fully focus on the road during driving in
reality. Yet, some works have figured out that drivers decide their avoidance responses mainly based
on visual looming (the optical expansion of the size of a vehicle on the retina (Svird et al. 2021)),
which basically describes how fast the object in front is increasing in size as it is getting closer (Fajen

¢ (1)

IOk where

2008; Markkula et al. 2016). Namely, the actual visual looming is measured as Py(z) =
6(t) represents the optical size of the lead vehicle on the retina of the driver of the vehicle behind,
w

reflected by horizontal angle and calculated by 6(z) = 2 arctan IOk while 6'(¢) is the expansion

rate of the size of the lead vehicle, which can be considered as the stimulus intensity towards the

wd' (1)

T where W is the width of the lead
d([)2+T

driver of the following vehicle and calculated by 6’ (1) = —
vehicle, and d(¢) denotes the longitudinal distance between the lead vehicle’s rear bumper and the
following vehicle’s front bumper (Markkula 2014; M. et al. 2021). Besides, driver braking control
also depends on the sensory impact of primitive motor actions (Markkula et al. 2018; Giszter 2015).
In this respect, (Svird et al. 2017; Svérd et al. 2021) developed visual-looming based models that
incorporate the impact of Off-Road-Glance (ORG, see the description in Section 2) and the sensory

impact of primitive motor actions, to simulate the driver braking control. Nevertheless, the joint

effect of Time-Headway (THW, see the description in Section 2) and ORG on drivers’ avoidance
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response fails to be considered in the aforementioned models.

Based on the analysis of related works, it is worth noticing that most existing studies for
investigating AV-related collision risk have rarely comprehensively taken into account important
aspects of human driving intention/experience, vision-based expectancy or inherent characteristics
of human driving (e.g., reaction time, ORG, etc.). To tackle the aforementioned issues, in this
paper, we proposed a Human-like Brake Control (HLBC) model and use it to investigate the HV-
AV rear-end collisions in the Stop-in-Lane (SiL) risky scenario where rear-end collisions are quite

likely to occur. Specifically, the unique contributions of the present study are as follows:

1) proposing a Human-like Brake Control (HLBC) model that takes into account human driving
intention, vision-based expectancy and certain inherent characteristics of human driving,
and can achieve human-like braking based on a dynamic accumulation of braking-needed
evidence;

2) originally developing the joint distribution of ORG and THW, which is integrated into the
HLBC model framework to simulate the glance distraction of drivers and facilitates the

HLBC model emulating the driver braking control in reality;

The remainder of the paper is organized as follows. Section 2 elaborates on the HLBC model
framework proposed, and the evaluation of the HLBC model performance. Section 3 is dedicated
to the implementation of the HLBC approach in the case study of investigating the HV-AV collision
risk in the “SiL.” scenario and analyses the outcomes of the case study. Finally, some concluding

remarks and future works are given in Section 4.

METHOD

In this section, we will elaborate on the model-based approach proposed to estimate the collision
probability via simulation by leveraging the HLBC model and the joint distribution of ORG and
THW.

The HLBC model

The proposed HLBC modelling framework consists of four phases, as shown in Fig. 1:
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1) Accumulation of evidence: the driver responds according to the accumulated evidence
based on looming. The evidence contains two aspects, i.e., supporting the brake control, or
against the need of brake control.

2) Tuning magnitude of control adjustments: the driver brakes according to the severity of the
situation.

3) Prediction of sensory inputs: the driver makes a prediction of how the control adjustment
will affect future sensory inputs. Namely, the driver predicts how the looming will decrease
due to each braking action.

4) Control of motor primitives: the driver brakes in steps based on the prediction of sensory
inputs. New adjustments based on the combination of ORG and THW are generated to

perform more accurate human-like brake control responses.

Several quantities in the HLBC framework are defined as follows.

P () represents the initial combined perceptual input, which can be defined as follows:
Pi(1)=K-E(t) - M, (D

where E () denotes the accumulated evidence of looming for or against the need of brake control;
K is a free model parameter and corresponds to the weight of the evidence; M is a free model
parameter.

¢ (1) is the accumulated looming predictive deviation, and is defined as follows:

600 = [ (Po(0) = P10+ P2(0) + 0], @
where Py(t) = 99(—(;)) as it is defined in Section 1; §(¢) denotes the Gaussian zero-mean white noise;
P;(t) represents the looming prediction based on prior braking adjustments. The definition of

P;(t) is given as follows:

Py(1) = ) [¢'(t)1H(t — 1), 3)

i=1
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where 7 is the number of brake adjustments; #; corresponds to the time of issuing the i"* individual

adjustment; H(¢) is defined by Eq. (4), shown as follows:

=0, fort >T
H(t){— 1, fort— 0", 4)

— 0, fort » T~

where 7 is a free model parameter representing the adjustment duration.
C(t) as defined by Eq. (5) is interpreted as the brake signal generated based on successive

adjustments.

C(t) = w-Por(t)¢ (1)G(t - 1), (5)
i=1

Po.r(t;) is the joint distribution of ORG and THW at the instant #;, which approximates Gamma
distribution I'(#;) according to our preliminary experiment; w is the weight assigned to P r(t;);

G (?) is interpreted as the shape of each brake adjustment and is defined as follows:

0, fort<0
G(1) = ) (6)
1, fort>T
Note that, as defined by Eq. (6), the further control adjustment G (#) will only affect the brake

performed after #; up until when it is completed.

Joint probability distribution of ORG and THW

ORG emulates the fact that the driver is sometimes looking away from the road, which is an
inherent feature of human driving behaviours. The introduction of ORG can make the HLBC model
more realistic. On the other hand, THW reflects the distance between the head of the following
car and the head of the lead car, which is given as a time quantity. As shown in Figs. 2 and 3,
the distributions of ORG and THW are generated respectively, based on real data records from an
Original Equipment Manufacturer (OEM), and “Count” is reflected by the histogram representation.

One can observe that the ORGs shorter than 1 second occur most frequently, which means short
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glances occur more frequently than long ones. Similarly, the trend of the THW histogram reaches
a peak at 1.3 seconds, which represents the highest frequency of occurrence within a short time.
Sequentially, the ORG and THW variables are adopted jointly to optimize the control action;
namely, the joint probability distribution Pp r(#;) in Eq. (5) is generated and integrated into the

HLBC model, as shown in the framework in Fig. 1.

Validation of the model performance
Model fitting

The dataset used for evaluations consists of the naturalistic data from real-world crashes and
near-crashes collected in the driving study SHRP2 (SHRP2 2013) (open source), and the real data
records from the OEM (confidential source). We finally selected 255 rear-end collisions/near-
collisions on public roads from the dataset for model performance evaluation. The drivers involved
in the selected events are with relatively equal gender, i.e., about 44% females and 56% males, and
the average age of drivers is about 36. The detailed data information is shown in Table 1.

The Particle Swarm Optimization (PSO) algorithm (Clerc and Kennedy 2002; Zhang et al.
2015) is employed to find the optimal parameter values for HLBC model parameter fitting and
reduce time-consuming. The PSO algorithm has several parameters that need to be set before
running the algorithm. The most important parameters are: 1) Population size (), which is the
number of particles in the population. We set 4 particles per parameter in our study. 2) Maximum
number of iterations (r), which is the number of times that the algorithm will iterate through the
population. The range of r in our study is set as [50, 70]. 3) Inertia weight (w), which is a weight
factor that determines the impact of a particle’s velocity on its movement. It should be between
0 and 1. 4) Cognitive learning rate (c1), which is a learning rate that determines the particle’s
movement towards its personal best position. It should be between 0 and 2. 5) Social learning
rate (cp), which is a learning rate that determines the particle’s movement towards the global best
position found by its neighbours. It should be between 0 and 2. The initialization ranges and

boundaries for the free model parameters of the HLBC model are shown in Table 2.
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Model performance evaluation

To evaluate the performance of our HLBC model, we first conducted evaluations to investigate
the output longitudinal deceleration, the looming prediction, and the output brake signal of the
HLBC model, while considering a rear-end scenario with a lead car issuing a constant brake signal
and releasing later. The evaluation results are shown in Fig. 4. In fact, the HLBC model controls
a car to perform braking to react to a braking action issued by the lead car when the accumulation
of braking evidence is sufficient. The comparison between the HLBC predicted looming and the
actual looming reveals that the HLBC model has a sound prediction performance when it comes to
simulating human brake control. Besides, the comparison shows that the performance of the HLBC
model in terms of looming prediction surpasses that of the relevant model developed in (Svérd
et al. 2017) (cf. Figure 2 in (Svird et al. 2017)).

It is worth mentioning that we also performed Log-likelihood (LL) statistic (Liang et al.
2018) and Pearson Chi-Square (PCS) statistic (Liang et al. 2018) to further evaluate the model
performance. The mathematical definitions of LL and PCS are given by Eqgs. (7) and (8).

A higher LL value represents a more preferred model. The closer the PCS for Goodness-Of-Fit
(GOF) is to the degree of freedom (DF), the better the model fits the data source (Liang et al.
2018; Liang and Ghazel 2023). Here, we calculate p-value to assess how close is the PCS to the
corresponding DF. The statistical evaluation results are shown in Table 3. We also evaluated the
BWL,. model (a brake model considering looming with reduced complexity) which has the best
performance among the relevant models proposed in (Svérd et al. 2021) and is the improved version
of the model in (Svérd et al. 2017), by performing fitting through the PSO method with the given
inputs of our selected data source, and the comparison between our HLBC model and the BWL,,

model is shown in Table 3 as well.

LL = Z In(Gy) (7)
i=1

n N2
PCS = Z (AP) (8)
i=1 i

P
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where 7 is the sample size; C; is the estimated braking control action; AP; is the deviation between
actual looming and estimated looming, and P; is the estimated looming.

Some findings can be noticed: 1) the ¢-statistic values of all model parameters are higher than
1.96, which indicates that the confidence level of the model parameter fitting can fulfil 95%; 2) as
for the LL value, the HLBIM model is also the preferred one, since the LL value of the HLBIM
model is higher than that of the BWL,. model; 3) for the PCS analysis, we set 0.05 as the statistical
significance level of GOF and one can notice that the HLBC model have a good GOF with p-value
>0.05. These superiorities indicate that the HLBC model can faithfully imitate the driver brake

control in reality, which is the base for the following case study.

CASE STUDY
In this section, we will discuss the simulation-based case study while considering the risky

scenario of a lead car decelerating to stop in a lane.

Preliminaries
Firstly, the preliminary experimental design for the case study based on a simulation experiment

needs to be clarified for the defined scenario, shown as follows:

1) the opponent (following) car is controlled by the HLBC model with reactions based on
visual cues generated depending on the lead car braking, to emulate the human control of
the braking response of the following vehicle;

2) the lead car is simulated as a High AD (HAD) level vehicle (configured by the OEM’s
prototype application under development) that can fulfil SAE L4 requirements (SAE 2021);

3) in the scenario considered, the two cars have the same initial speed.

It is worth noticing that, according to (Petrovi¢ et al. 2020), an HV hitting an AV from behind
is one of the main types of collisions that occur between HVs and AVs while it has been rarely
investigated in relevant existing studies. That is why in our study, we consider the scenario where

an HV is following an AV.
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Case: HAD car decelerating to stop in lane
Purpose

Fig. 5 illustrates the scenario of a HAD car decelerating to stop in a lane with a car-following
situation. Specifically, the HAD car is decelerating with a given deceleration level, followed by the
opponent car. Meanwhile, the opponent car initiates the braking action (controlled by the HLBC
model) depending on the deceleration of the front one. In this case, we investigate the probability
of HV-AV collision occurrence in the Sil. scenario by considering various collision speeds (the
instantaneous relative speed of the two cars at the exact moment when they right collide with
each other), initial speeds, decelerations of the opponent car and decelerations of the HAD car,

respectively.

Assumptions

In order to facilitate the simulation, several assumptions have been considered for this case, as

listed below:

Assumption 1: the deceleration of the opponent car shall fulfil: |aopponen:| < 1g, where g
represents the gravitational acceleration (according to the industrial experience, the maxi-
mum car deceleration shall be less than 1g).

Assumption 2: the deceleration of the HAD car shall fulfil: |agap| < 1g.

Assumption 3: the THW between the opponent car and the HAD car shall fulfil: THW <
5.5 s (according to the statistical analysis in Fig. 3, the probability of the THW duration
longer than 5.5 s is almost zero). Indeed, a bigger THW value reflects a too long distance
separating the two cars, so the driver of the following car is unlikely to trigger a brake as

he/she is far from the lead car.

Results and discussion
In Fig. 6, we show a detailed analysis of the probability of collision according to different
collision speeds, initial speeds and decelerations of the opponent and HAD cars, respectively,

through twelve charts (sub-figures). In the subsequent part, we will use “R_C_" to define the ID
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of sub-figures, e.g., R1C2 represents the plot located in the 1% row and 2" column. Besides, rows
reflect the impact of increasing brake capability of the opponent car on the probability of collision
by considering different deceleration intensities of the HAD car; while columns reflect the impact
of increasing collision speed on the probability of collision by considering different deceleration
intensities of the HAD car. Additionally, the X-axis represents the same initial speed of both cars
(see Section 3), the Y-axis represents the probability of collision.

As illustrated in Fig. 6, taking the plot R2C3 for instance, the black dashed line shows that there
is 9% probability of collision with collision speeds over 50 km/h if both vehicles travel at an initial
speed of 70 km/h and the HAD vehicle is braking at a deceleration of 0.4g, while the opponent car
behind brakes with a maximum deceleration of 0.7g. In the plot R1C3 (the opponent car behind is
braking at 0.5g maximum instead of 0.7g in the plot R2C3), the black dashed line shows that the
probability of collision soars from 9% to 43% at an initial speed of 70 km/h, compared with that
in the plot R2C3. Further, as shown in the plot R2C4 (the collision speed is >70 km/h instead of
>50 km/h in the plot R2C3), the black dashed line shows that the probability of collision decreases
from 9% to 1% at an initial speed of 70 km/h, compared with that in the plot R2C3. One can notice
that the collision probability goes down at a relatively high collision speed, compared with the
probability of collision at a lower collision speed. The potential reason could be that the collision
speed is ultimately depending on the combination of ORG and THW distributions that less likely
leads to a high collision speed as time goes on (see Figs. 2 and 3). Moreover, all the sub-figures
indicate that regarding the impact of the initial speed, the probability of collision always raises as
the initial speed increases. For example, the black dashed line in the plot R2C3 shows that the
probability of collision goes up from 9% to 82% as the initial speed increases from 70 km/h to 90
km/h illustrated by the X-axis values.

Actually, through the figures above, one can explore the underlying perspective of mecha-
nism/reasoning behind HVs rear-ending AV that the existing AD systems often utilize end-to-end
ML methods for making brake decisions without adequately considering the coupling effects of

various heterogeneous factors such as driver intention/experience, inherent characteristics of hu-
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man driving, and vision-based expectancy, which leads to inaccuracies in the timing and magnitude
of collision avoidance control actions. Particularly, these systems often produce single and heavy
braking actions (such as hard braking), which are ineffective in achieving smooth dynamic collision
avoidance. This can result in surrounding vehicles having almost no time to react appropriately
in emergency situations, especially during car-following scenarios, thereby increasing the risk of

rear-end collisions.

CONCLUSIONS

In the present paper, we have developed a model called HLBC to emulate human drivers’
braking control, for the purpose of investigating the relation between collision occurrence and
various factors in the risky scenario “Stop-in-Lane”. The parameters considered in our study are
respectively: collision speeds, initial speeds and decelerations of cars under test.

The main contributions of our study are as follows:

1) The HLBC model is proposed to emulate the driver braking control. It takes into account
deceleration/braking intention and experience of human driving (such as a dynamic, mild
and stepping brake), vision-based expectancy and certain inherent characteristics of human
driving, e.g. ORG, and achieves human-like braking based on a dynamic accumulation
of braking-needed evidence. In addition, the HLBC model can be also applied to other
scenarios relevant to vehicle braking response.

2) The joint distribution of ORG and THW is integrated into the HLBC model framework to
emulate the glance distraction of drivers when they perform dynamic vehicle control, which

facilitates the HLBC model faithfully imitating the driver brake control in reality.

To sum up, the HLBC model has a sound prediction performance when it comes to simulating
human brake control, which is attested by the results of the model performance validation. More-
over, the findings of the case study give a profound perspective on the dynamic driving conditions
that have a significant impact on collision occurrence in the “Stop-in-Lane” scenario. In addition,

the present study can provide the guidance for designing a new type of human-like AD systems. The
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reason for developing human-like AD systems is that by integrating human driving experience for
decision-making and understanding the behavior and intentions of surrounding traffic participants
in the same way as human drivers doing, the human-like AD system can improve its own decision-
making capability, enhance the acceptability of AVs from the public, and promote eco-driving. In
future work, we will introduce Neural Networks, to improve the looming prediction of the HLBC
model. Besides, more risky scenarios (e.g., car following during city rush hour congestion, cut in,
and merging onto/separating from the freeway) will be investigated by using the HLBC model for
the purpose of improving AD safety. Additionally, it is necessary to comprehensively assess its
functional safety (1SO26262 2018) and Safety Of The Intended Functionality (SOTIF) (ISO21448

2022) when it is going to be embedded in AVs for commercial production.
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TABLE 1. Data information

Data categories

Total events

Rear-end collisions

Near-collisions

Quantity

255

93

162

Data source

OEM data = 65.9%

SHRP2 data mmmsmm  34.1%

OEM data ~ msssssssss  64.5%

SHRP2 data mssssss  355%

OEM data
SHRP2 data s 33.3%

I 66.7%

i Male e 56.1% Male e 58.1% Male e 54.9%
Driver gender Female —— 43.9% Female — 41.9% Female —— 45.1%
<30 mmm— 2].3% <30 e 26.9% <30 —— 17.9%
Dri 30-39 s 36.4%  30-39 s 33.3% 30-39 e 38.3%
river age 40-49 —— 24.2% 40-49 e 25.8% 40-49 Emm—— 235%
50-59 e 18.1% 50-59 — 14.0% 50-59 mm—— 20.4%
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TABLE 2. Initialization ranges of free model parameters

Free pa- N r w C1 (&) K M ¢0 TGO TGl
rameters

Initialization [4, [50, [0,11 [0,2] [0,2] [1, [0, [0,1]  [0.5, [0.5,
range 40] 70] 40] 10] 4] 5]
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TABLE 3. Parameter values and evaluation results.

Free parameters N r w c¢1 ¢ K M do Tco Tg1 LL PCS

HLBC 4 70 0362 149 515 373 091 1.23 271 -53.77 73.11
(p-value=0.28)

t-statistic NA NA NA NA NA 211 3112 454 416 631 NA NA

BWL,. 4 70 0332 149 NA NA NA NA NA -61.06 80.13

(p-value=0.12)

NA means “Not Applicable” since ¢-statistic is not applicable to PSO inherent parameters, LL and PCS;
additionally, the parameters of the BWL,. model are different from those of the HLBIM model.
t-statistic >1.96 corresponds to a 95% confidence level
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Fig. 1. The modelling framework of HLBC.
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