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Abstract: Lane changing is a frequent traffic accident scenario. To improve the driving safety in lane
changing scenarios, the blind spot display of lane changing is increased through human—machine
interaction (HMI) interfaces in intelligent vehicles to improve the driver’s rate of risk perception
with regard to the driving environment. However, blind spot information will increase the cognitive
load of drivers and lead to driving distraction. To quantify the coupling relationship between blind
spot display and drivers’ cognitive load, we proposed a method to quantify the cognitive load of
the driver’s interaction by improving the AttenD algorithm, collecting feature data by carrying out
a variety of real-vehicle road-testing experiments on three kinds of intelligent vehicles, and then
establishing a model blind spot design and driver cognitive load correlation model using Bayesian
Logistic Ordinal Regression (BLOR) and Categorical Boosting (CatBoost). The results show that the
blind spot image display can reduce the driver’s cognitive load more effectively as it is closer to the
driver, has a larger area, and occupies a higher proportion of the center control screen, especially
when it is located in the middle and upper regions of the center control screen. The improved
AttenD algorithm is able to quantify the cognitive load of the driver, which can be widely used in
vehicle testing, HMI interface development and evaluation. In addition, the analytical framework
constructed in this paper can help us to understand the complex impact of HMI in intelligent vehicles
and provide optimization criteria for lane change blind spot design.

Keywords: intelligent vehicles; human-machine interaction design; driver cognitive load; blind spot
design; lane-change safety; AttenD algorithm; smart cockpit

1. Introduction

According to the World Health Organization’s (WHO) statistical report on the risks to
human life, road traffic accidents are now the eighth most common cause of death each year,
with 19 million people per year dying in road accidents worldwide [1]. An analysis of the
U.S. Highway Administration’s traffic accident report shows that 90% of accidents are due
to human factors [2], particularly high-risk events such as lane changes made by emergency
vehicles. Statistics of accident data from 2010 to 2017 showed that serious accidents caused
by emergency vehicles changing lanes accounted for up to 17% of the total number of
accidents [3]. Studies have been conducted to analyze the causes of traffic accidents when
changing lanes, and it was concluded that about 20% of accidents that occur while changing
lanes are due to the driver having limited visibility [4]. The main reason for the high number
of such accidents is the driver’s failure or inability to adequately inspect their blind spot
in a timely manner [5], and rearview mirrors alone cannot holographically perceive the
risk [6]. It is true that many drivers perceive information about the traffic environment in
their blind spot by looking around the vehicle to ensure a safe lane change. However, this
practice distracts the driver’s attention and increases the risk while driving [7]. In addition,
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the duration of the lane change is very limited, and too many perceptual cues will increase
the driver’s cognitive load and increase the likelihood of unsafe driving behavior [8].

To raise awareness of the risks associated with driving, car manufacturers have im-
plemented blind spot monitoring (BSM) systems that alert drivers to potential hazards
when they are changing lanes. Studies have demonstrated that vehicles equipped with
BSM systems are 14% less likely to be involved in lane-changing accidents compared to
those without BSM systems [9]. With advancements in HMI interfaces, intelligent vehi-
cles now display blind spot images when the turn signal is activated, aiding drivers in
recognizing potential hazards in their blind spots during lane changes or turns, thereby
mitigating accidents due to reduced visibility. However, the development of blind spot
imaging technology remains rudimentary, lacking standardized design guidelines, result-
ing in considerable variability among car brands. User experience data indicate that the
inadequate design of blind spot systems in current smart cars increases drivers’ cognitive
load and exacerbates distracted driving. Therefore, it is crucial to explore the mechanisms
by which blind spot design influences drivers’ cognitive load to provide a foundation for
the advancement of intelligent vehicle technologies.

A major challenge in this research is to measure and quantify the cognitive load of
drivers without disturbing them while they are driving on real roads. There are various
methods for measuring cognitive load, which have been discussed in detail in previous
studies [10]. Among the methods commonly used to assess cognitive load, subjective and
physiological measures predominate. Subjective measures usually rely on questionnaire
responses that reflect drivers’ perceptions to measure the extent of their cognitive load
(e.g., NASA Task Load Index [11] and Subjective Workload Assessment Technique [12]
scales). In contrast, physiological measures assess cognitive load by measuring physio-
logical indicators such as respiratory rate [13,14], pupil diameter [15,16], cardiovascular
activity [14,17,18], and brain activity [19-22]. Although subjective measurements are
simple and easy to perform, the accuracy of their results is often compromised due to
individual differences in the interpretation and perception of rating scales. Physiological
measures provide greater accuracy in representing cognitive load but are intrusive, mak-
ing them impractical for in-vehicle road testing in this study as the equipment required
to record electroencephalogram and electrocardiogram signals would interfere with driv-
ing. Therefore, it is critical to choose a system for measuring and quantifying cognitive
load that does not hinder drivers in complex real-world driving environments and whose
ability to reflect drivers’ mental load is not compromised. Given the correlation between
lane change accidents and drivers’ visual search patterns [23], we would also like to see a
method of measuring cognitive load that correlates with drivers’ gaze positions. Such an
approach would not only facilitate its wide application in various tests on real roads but
would also allow monitoring of drivers’ interactions with their forward vision, rearview
mirrors, and blind spot images during lane changes in different directions. This would
improve the evaluation of the relationship between drivers’ cognitive load and blind
spot design.

An increase in cognitive load manifests itself in particular in increased distraction
while driving: the higher the cognitive load, the worse the driving performance [24],
accompanied by corresponding changes in the driver’s visual characteristics [25,26], which
usually leads to more hazardous situations or accidents. The research by Melnicuk et al. [27]
also shows that increase in cognitive load impairs driving performance, especially lateral
control of the vehicle, implying an increased risk of driving accidents. Currently, there
is a research gap in analyzing the effects of blind spot images on driver cognitive load,
although numerous studies have investigated the degree of driver distraction. As early as
2004, Barkana et al. [28] used a loss of fixation analysis to qualify the distracting effect of
cell phone conversations on the visual field. In recent years, more and more researchers
have explored better methods and mechanisms to quantify driver distraction [29,30]. This
research has progressively addressed various scenarios, including lane changes, turning,
and responses to emergencies. For example, Xu et al. [31] used an embedding kernel
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algorithm to detect critical mismatched driver visual attention during lane changing and
evaluate the safety of driver behavior during lane changing. Although many studies have
investigated driver distraction during lane changing, few have analyzed the effects of blind
spot images on driving safety during lane changing in intelligent vehicles. In addition,
there are few studies that establish correlation models between driver cognitive load and
vehicle types and blind spot location. Mekata et al. [32] compared the cognitive load and
mental stress of drivers in a driving simulator when the side-rear wide-angle monitor was
placed in different positions and showed that positioning the monitor in the middle of
the driver minimized cognitive load and facilitated information intake. Nevertheless, no
relevant model was created in this study to analyze the factors influencing cognitive load,
and driving simulators cannot fully replicate real driving conditions. There is, therefore, an
urgent need for research to close this gap in this area.

To develop a quantitative method for measuring cognitive load that minimizes driver
distraction and reflects the dynamic changes in the visual interaction domain during lane
changes, while using the computed cognitive load to build models for analyzing the effects
of blind spot design, traffic environment, and other factors on driver cognitive load, we
propose an improved AttenD algorithm capable of dynamically adjusting driving-related
domains. By integrating experimental data from real vehicles that reflect authentic road
traffic conditions, we build relevant models to analyze the extent of various factors affecting
driver cognitive load. The main contributions of this study are as follows:

1. We refine the AttenD algorithm to accurately capture the driver’s attention during
lane changes based on the improved algorithm.

2. We propose a blind spot assessment method to design blind spots, including the
size and location of the blind spot, in a way that reduces the cognitive load on the driver.

The remainder of this paper is organized as follows: Section 2 introduces the methodology.
Section 3 explains the experimental design and data collection process. Section 4 presents the
results of the study. Section 5 discusses the results and then presents the conclusions.

2. Methodology

We aim to investigate the effects of blind spot image display design and other environ-
mental factors on driver cognitive load in lane changing scenarios of intelligent vehicles.
The flowchart of this study is shown in Figure 1.

Improved AttenD | Real-Road Experiments ’ Analysis ‘

Gaze e Time Buffer p— Py X P

Point Physiological Delay ‘/ Road \“ ( Traffic \ /” Tuming
v e )

- " . | o Analysis of Time Buffer
— — — —
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Figure 1. The flowchart of methodology.

Firstly, we establish a relationship model between drivers’ visual buffer value and
fixation points to quantify their cognitive load in real-vehicle experiments. Correlation
statistical analysis is then conducted between the experimental results and variables.

Subsequently, Bayesian Logistic Ordinal Regression (BLOR) is utilized to further
ascertain the correlation between drivers’ cognitive load and factors such as fixation height,
traffic flow, road type, blind spot distance, vehicle type, and lane-changing direction.
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Furthermore, to decipher the influence of each feature on drivers’ cognitive load, we
integrate the Categorical Boosting (CatBoost) and SHapley Additive exPlanations (SHAP)
models to construct an interpretability framework assessment.

2.1. Experiments

’

To collect data on the effect of lane changing processed blind spot design on drivers
cognitive load, we conduct real-world road tests based on three types of intelligent vehicles
to fully document the driver’s performance data during lane changing. There are significant
differences among the three vehicle models in terms of the size and aspect ratio of the
central control screen, the size and aspect ratio of the blind spot image, the position of
the blind spot image, and the blind spot image proportion of the central control screen.
These differences are conducive to exploring the impact of different blind spot image
design parameters on drivers’ cognitive load. Additionally, the blind spot positions in two
of the types are adjustable, while in the remaining type, the blind spot image positions
corresponding to the left and right turn signals are different. Under otherwise identical
conditions, this allows us to study the impact of blind spot position and lane changing on
cognitive load.

The experiment is divided into two sections: The first involves conducting separate
tests on three different vehicle brands to comprehensively analyze the impact of various
variables, including blind spot design, the driver’s gaze height, the road and traffic envi-
ronment, and the lane-changing direction, on driver cognitive load. The second involves
altering the position of the blind spot to observe changes in driver cognitive load. The
target time period for the experiment covers the entire process of the driver completing the
lane-changing behavior, starting from turning on the turn signal and ending with turning
it off. The collected data include eye-tracking metrics such as gaze height, fixation point
location, fixation duration, and fixation frequency, as well as other information such as
road traffic flow level and road type.

2.2. Algorithm for Cognitive Load Calculation

The AttenD algorithm is used to detect the driver’s level of distraction and can quantify
the driver’s cognitive load based on eye movement data. Its basic assumption is that human
attention is closely linked to gaze behavior. It also introduces the concept of a time buffer
to reflect the driver’s cognitive load [33]. When the driver’s gaze frequently deviates from
the driving-relevant region (FRD), the time buffer value decreases, indicating increased
cognitive load. In other words, the time buffer value is negatively correlated with the extent
of the driver’s cognitive load.

In existing studies, the FRD in the AttenD algorithm is usually considered to be fixed.
However, in reality, there are differences in the size and location of these regions from
driver to driver or lane change direction. Therefore, in this study, by observing the swipe
pattern and gaze characteristics of each driver, based on which the range of FRD coordinates
was selected when changing lanes to the left or right, we improved the AttenD algorithm
by varying the FRD dynamically to make the results of the cognitive load calculation
more accurate.

Figure 2 illustrates the process framework of the improved AttenD algorithm, which
was implemented using the R programming language. The detailed procedure is as follows:

The key thresholds and parameters for judging the driving load are provided at first,
including an initial value of 2.0 s for the time buffer value, an initial physiological response
delay of 0 s with a threshold of 0.1 s, an initial delay for the rearview mirror and central
control screen of 0 s with a threshold of 1.0 s, and a time step of 0.0167 s. Then, we input
the integrated and cleaned dataset, read each data entry, and calculate the time buffer value
according to the following steps.
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Figure 2. Flowchart of the improved AttenD algorithm.

Step 1: Match the corresponding FRD region according to the driver behavior (left
lane change or right lane change) corresponding to each gaze point. If the value of gaze
point quality is higher than the threshold value, the eye movement indicator is considered
valid and it is time to progress to step 3; if it is lower than the threshold value, switch to the
head rotation angle indicator and go to step 2.

Step 2: If the head rotation angle is greater than or equal to 20°, output the time buffer
value as the time buffer minus the actual time step length; if it is less than 20°, consider
that both the gaze point at the current timestamp and the previous timestamp are within
the FRD and proceed to step 3.

Step 3: If both of the current and the previous timestamps are within the FRD, judge
the result of the output time buffer value; otherwise, go to step 4. If the time buffer value is
equal to 2 s, the output time buffer value is equal to the original. If the time buffer value is
less than 2 s, the output time buffer value is the original time buffer value plus the time step.

Step 4: If the gaze point of the current timestamp is within the FRD but the previous
one is not, make a judgment based on the physiological response delay value; otherwise,
go to step 5. If the physiological response delay is less than 0.1 s, update the physiological
response delay value to the physiological response delay value plus the time step, and the
time buffer value will remain unchanged. If it is greater than or equal to 0.1 s, then the time
buffer value is calculated in the same way as in step 3.

Step 5: If the viewpoint of the current timestamp is not within the FRD, the evaluation
is based on other driving-related regions. If the viewpoint is neither in the rearview mirror
nor in the dashboard, the output time buffer value is the original time buffer value minus
the time step. If the viewpoint is in the rearview mirror or the dashboard and the delay
between the rearview mirror and the central control screen is less than the threshold value,
the value of updating the delay between the rearview mirror and the central control screen
is the original value plus the time step, and the output time buffer value remains unchanged;
if the delay exceeds the threshold value, the output time buffer value is the original time
buffer value minus the time step.

After iterating through the entire data table, generate an integrated results table that
maps each timestamp to its corresponding time buffer value.
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2.3. Impact Analysis Model

To analyze the effects of the feature variables on driver cognitive load, we performed
correlation analysis, statistical analysis, and machine learning modeling. We identified the
key variables that influence driver cognitive load in lane change scenarios and clarified the
coupling relationship between these factors and driver cognitive load to provide a basis
for designing blind spot images. Then, we discretized the variable time buffer value into
ordered levels and used it as an explanatory variable with the different feature factors as
explanatory independent variables to construct a mechanistic analysis model.

2.3.1. Kruskal-Wallis Test

The Kruskal-Wallis test serves as a commonly employed nonparametric method for
examining whether two or more samples originate from the same probability distribution.
We implemented it using SPSS (Statistical Package for the Social Scienc-es, version 26.0.0.0,
IBM). In the statistical process, all sample data are ranked in ascending order, and the test
statistic H is calculated using Equation (1):

RZ
i 3(N+1) (1)

k
H= N+1;n

where N represents the total sample size, k is the number of groups, and R; denotes the
sum of ranks in the ith group.

In statistics, the p-value is frequently employed to indicate the asymptotic significance
of the test statistic. Given that the test statistic H approximately follows a chi-square
distribution with k — 1 degrees of freedom, the cumulative distribution function (CDF) of
the chi-square distribution is utilized to compute the p-value (p) using Equation (2):

p=1-CDF,> (Hk—1) )

2.3.2. Bayesian Logistic Ordinal Regression

Compared to traditional logistic regression models, the Bayesian Logistic Ordinal
Regression model has three major advantages: first, it is well suited for analyzing the logistic
regression relationship between ordered categorical explanatory variables and multiple
types of dependent variables; second, Bayesian estimation of the model parameters can
handle the uncertainty of the parameters better than maximum likelihood estimation; and
third, Bayesian estimation integrates the prior distributions with the likelihood function of
the data to derive the posterior distribution of the model parameters, which reflects the
probability distribution of the parameters after observing the data and allows for more
robust and comprehensive statistical inference. Therefore, this study builds a model for the
relationship between cognitive load and other variables of the scene to analyze the effects
of various factors on drivers’ cognitive load [34,35].

The utility function of the Bayesian ordered logit regression model is expressed as
Equation (3) [36]:

l]—x ﬂ—i—b + & 3)

where i represents the feature variable and j denotes the number of experimental units for
each feature variable.

x;g represents the i*j matrix formed by the feature variables and the number of experi-
ments, which is associated with the fixed effect parameter vector § of the dimension. b; is
arandom effect and ¢;; is a logically distributed error term, with its distribution function
being calculated in Equation (4):

e il
f(&'j) = m 4)
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Since /;; is unobservable, it can be indirectly measured through the observable ordered
variable y;;. Therefore, y;; can be defined as Equation (5):

1 if —eo<ljj <,

2 ifm <lj<m,
vij =1 . ) ®)
C if Yc—1 < li]' < o0

where . represents the boundary between intervals corresponding to the observed out-
comes, as shown in Equation (6).

,)/T = ('7min <m<--<7c1 < ’)’max)/ with ¥y = —00, Yyax = 00 (6)

In the model, we focus on the cumulative probabilities, such as the probability that
¥y < 7. Based on the distribution of ¢, the cumulative response probability for the c category
of the ordinal outcome y;; is calculated using Equation (7).

P(yij < 7e

B.b) =iy = P(lij < 7c|B,b)
= P(xz;-ﬁ +b;+e;j < ’Yc)
= P(sij < e —xpB - bi) 7)
)

1+exp('yc—xiTjﬁ—bi>,
forc=12,...,C—-1

This can be formulated as a cumulative logit model included in Equation (8):

7'['..
log _Tije) :'yc—xiTjﬁ—bi, forc=1,2,...,C—1 (8)
1= Tje)
Using the inverse link for this model, we can calculate P(y = c|B, b) = ) in

Equation (9):

exp (% - x}}ﬁ - bi) exp (%,1 - xiT]./S - bi)
1+exp (’yc —xip— bi) 1+ exp (’yc — X - bi)

Tiite) = P(ve-1 < lj < ye) = )

Then, the joint posterior density of the parameter vector and latent variable becomes
Equation (10):

P(ﬁ, 7,b,03, 02,1/ y) « P(y/1,v) P(1/ B,b) P(y) x p(/; /ag) p( b /ag) p(ag) p(ag) (10)

The prior for the C — 1 unknown thresholds has been given as order statistics from
U(Ymin, Ymax) distribution using Equation (11) [37]:

1 Cc-1
_ I T 11
7min) ('Y © ) ( )

Ymax —

) = (-1t

where T = {(71,- - ymax) [ Ymin <71 <+ <7yc1 < Vimax}-
The posterior conditional distribution of g is defined by Equation (12)

BIELSE ~ N, (BO,EO) (12)
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where N
o= (55052 + X"DX) !
Bo = %o (Zglalgzﬁo — X"DyZb + XTDy,1).
with

- [z{,... AT, 1 = [zﬂ, AR

X - [X{/ . ‘/X}"]T/Xi = |:xill' . -rxin,-]T

Ly 0 -~ 0
0 L, --- 0 ‘

Z = : — : ,Dy =diag(Dyn, .. .,Dyr)
0 0 - I

Dw = diag(le/ v /DUJI)’
D,; = diag(wﬂ, ces /win,‘>'

Equation (12) indicates that, given the data (denoted as ELSE), the posterior distri-
bution of the regression coefficient f is a multivariate normal distribution with mean ,30
The mean By and the covariance matrix Xy are determined jointly by the prior covariance,
observed data, and corresponding weighting information. This allows the estimates of the
regression coefficients to be dynamically adjusted based on the observed data, providing a
more accurate reflection of the model’s response to the data.

2.3.3. Categorical Boosting

Due to the assumption of independence and identical distribution between the vari-
ables in the ordered logit model, the direct application of this model in our study faces a
challenge, as the time buffer values come from multiple driving tasks of 15 drivers, leading
to substantial correlations between the data samples that are hardly compatible with the
assumption of independence and identical distribution. To solve this problem, we introduce
the nonparametric and learning-based CatBoost (Categorical Boosting) method for further
analysis. We also use SHAP (SHapley Additive exPlanations) [38-40] to interpret the results
of the machine learning approach and gain insights into the predictions of the model.

The data used in this study primarily comprise categorical variables with a small
proportion of numerical variables and thus represent extensive high-dimensional data.
The CatBoost algorithm incorporates an innovative approach that automatically converts
categorical features into numerical features. In addition, the algorithm uses combinatorial
categorical features that enable the discovery of relationships between features, which sig-
nificantly enriches the structure and hierarchy of the feature space. Due to these properties,
the CatBoost algorithm is used to analyze the relationship [41,42].

The output formula of CatBoost is shown in Equation (13):

-1

y 2]7.7:1 {x%k = xgp/k] Yg/—i-a X p

X = p—1 . (13)
ijl [xm = xgp,k} +a

where £/ represents the predicted value for feature k and category i;

Yy, represents the target value (label) for sample j;

p represents the added prior distribution term;

a is typically a positive weight coefficient.

SHapley Additive exPlanations (SHAP) is a methodology for interpreting the results
of machine learning models. Based on game theory, a prediction model outputs a predicted
value for a specific person. The SHAP method assumes that each feature makes a “contri-
bution” to the target prediction and assigns it a Shapley value to quantify its importance.
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The sum of the Shapley values of all characteristics for a particular person corresponds to
the target prediction, with adjustments made for the average predicted value. We adopt
Tree SHAP for feature importance analysis.

The Shapley value represents the average marginal contribution of a particular feature
i to the prediction. For a model with n features, the Shapley value of each feature is
calculated using Equation (14) [43]:

S| =)t —|S])Y]
n!

X [o(s) —o(s\{i})] (14)

@i(0) = Lyen |

where ®;(v) represents the Shapley value of feature i;

N is the set of all features;

S is any subset of N that does not contain feature i;

v(S) denotes the contribution of the feature set (S) to the model’s output.

A key property of SHAP values is additivity, meaning that the sum of SHAP values
across all features equals the model’s output. For a given prediction model f(x), its output
can be expressed as Equation (15):

flx) =@+ @ (15)
where @ is the model’s output at the baseline value, while ®; is the SHAP value of feature i.

3. Data Collection
3.1. Overview of Experiments

In our experiment, we used the SmartEye Pro eye-tracking system (version 10.2.0,
Noldus, Sweden) to capture the visual behavior of drivers interacting with blind spot
images during lane changes. The system is equipped with three infrared cameras and an
additional supplementary camera. It calculates the line-of-sight direction by measuring
the vector between the pupil center and the corneal reflection reference point, which is
produced using an active infrared light source. Head rotation angles are obtained from
the head pose captured by the cameras, and the height of the eyes is recorded in real time
from the camera images. The data are then synthesized using HRT (Human Research Tool)
software (version 1.6.0, INFO instrument, Shanghai, China), which includes a foreground
wide-angle camera, to merge the driver’s foreground video with the line-of-sight direction
data and determine the driver’s point of gaze coordinates.

For the first set of experiments (Experiment 1), a total of 15 drivers with experience in
smart car driving and the habit of observing their blind zone image during lane changing
were recruited and divided into three groups, with each group driving the same vehicle
model. Three vehicle types with significant differences in the blind zone image designs
chosen are shown in Figure 3. The experimental route (Figure 4) spanned approximately
38.5 km, with each test lasting roughly 90 min. The route was designed with numerous
turns to prompt drivers to perform autonomous lane changes.

Wk,

n
Il"""“

Figure 3. Three types of vehicles used in experiment 1 (from left to right: Type 1, Type 2, Type 3).
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Figure 4. The route for Experiment 1 and Experiment 2.

For the second set of experiments (Experiment 2), nine drivers with similar back-
grounds were recruited, each of whom completed three driving trials using a vehicle of
Type 1 with different blind zone image positions, as the blind zone image of Type 1 can be
dragged to three positions as shown in Figure 5. Each trial covered approximately 15 km
and lasted about 20 min (Figure 4). To mitigate the influence of experimental sequence on
drivers’ cognitive load variations, the order of blind zone image positions varied for each
driver during the experiments.

Figure 5. Three blind zone positions of Vehicle Type 1 in Experiment 2 (from left to right: position 1,
position 2, and position 3).

3.2. Experimental Data

The experiments employed the SmartEye Pro eye-tracking system to capture the visual
behaviors of drivers interacting with blind spot images during lane changing. This system
is equipped with four gaze-tracking cameras, which capture the dynamic gaze of the
drivers, while a foreground wide-angle camera records the frontal scenery during driving.
Utilizing the accompanying Human Research Tool (HRT) software, the foreground video
and gaze data of the drivers are synthesized to obtain metrics such as fixation points, gaze
heights, and head rotation angles. The data collected from the two sets of experiments
are encompassed in Table 1, and detailed information about traffic flow levels and vehicle
parameters is shown in Figure 6, Tables 2 and 3.
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Table 1. Indicators of the collected data.

Indicator

Explanations

Gaze Landing Point Coordinates

Head Rotation Angle
Eye Height
Traffic Flow Level

Road Type

Lane Change Direction

Vehicle Type

Blind Zone Image Position

Horizontal Distance of the Left End of the
Blind Zone Image from the Center of the
Steering Wheel

Taking the upper left corner of the HRT’s foreground video as the origin, the
horizontal and vertical pixel distances corresponding to the driver’s gaze are
output. These are used in the calculation of the time buffer value within the
AttenD algorithm.

The left-right head rotation angles captured by the eye-tracker, which serve as
auxiliary data for the calculation of the time buffer value.

The z-axis coordinate of the driver’s gaze origin position, as output by the
eye-tracker in the world coordinate system.

Based on the volume of vehicles ahead on the road, traffic flow is classified into
three levels: high, medium, and low. An example of traffic flow levels is illustrated
in Figure 7.

The type of road where the vehicle was located during data collection, categorized
as city roads or expressways.

The direction of lane change (left or right) corresponding to each data entry.

As mentioned in Section 4.1, the vehicle type was analyzed as an overall variable
to examine its impact on cognitive load in Experiment 1. Relevant parameters of
the three vehicle types are presented in Table 2, where p represents the ratio of the
blind zone image to the center screen and D represents the horizontal distance
from the left end of the blind zone image to the center of the steering wheel.

As mentioned in Section 4.1, three positions of blind zone images of the first type
of vehicles are selected for further experiments to analyze the influence of the
blind zone image positions on the driver’s cognitive load. Relevant parameters of
the three positions are presented in Table 3, where D represents the horizontal
distance from the left end of the blind zone image to the center of the steering
wheel, D1 represents the distance from the left end of the blind zone image to the
left of the center screen, and D2 represents the distance from the top of the blind
zone image to the top of the center screen.

Since the distance of the blind spot from the driver’s eyes is positively correlated
with its distance from the center of the steering wheel, and the driver’s head will
rotate to a certain extent during the driving process, it is difficult to measure the
distance from the eyes to the blind spot directly. Therefore, this study measured
the distance from the left end of the blind spot to the center of the steering wheel,
which was combined with the height of the driver’s line of sight to reflect the effect
of the distance from the driver’s eyes to the blind spot on the driver’s cognitive
load. Relevant parameters have been listed in Tables 2 and 3.

Table 2. Parameters of center screen and blind zone image of the selected vehicle types.

Center Screen Blind Zone Image
Vehicle Type Length Width Area Length Width Area P D/em
/em /em fem? /em /em /em?

1 33.1 20.7 685.2 12 6.1 732 0.11 21.2
L:10.9 L:98.1 L:0.14 L: —14.5

2 65.8 10.9 717.2 —_— 9.0
R:16.0 R:144.0 R:0.20 R:34.2

3 21.8 23.9 521 12.2 7.2 87.8 0.17 38.0

Figure 6. Different levels of traffic flow.
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Figure 7. MCMC sampling trace plots of Experiment 1.

Table 3. Detailed parameters of the blind spot image for different positions of Vehicle Type 1.

Vehicle Type Position D/cm D1/cm D2/cm
1 21.2 0.3 3.5
1 2 34.2 13.3 1.0
3 21.2 0.3 12.7

3.3. Data Preprocessing

The experimental dataset is divided into two parts: Raw eye movement data recorded
at 60 frames per second and recordings of feature variables at each lane change. The raw
eye movement data are converted into a time buffer value for each frame using the AttenD
algorithm. We used the coordinates of the driver’s gaze points for each frame to filter out
the time buffer data when the driver’s gaze fell into the blind spot. These values were then
matched with other feature variables using timestamps. Each data entry represents the
moment the driver looked into the blind spot and the corresponding status. The time buffer

values were evenly categorized into three levels: “low”, “medium”, and “high”, based on
their numerical magnitude.

4. Results and Discussions
4.1. Descriptive Statistical Analysis

The descriptive statistical analysis section of this study aims to preliminarily investi-
gate the correlation among automobile brands, blind spot locations, and drivers’ cognitive
load, as well as the variations in drivers’ cognitive load levels under different lane-changing
scenarios. For Experiment 1, the mean and standard deviation of the time buffer values
corresponding to each vehicle type in each lane-changing scenario were calculated, and
a Kruskal-Wallis test was conducted to obtain the p-values between vehicle types and
their respective mean and standard deviation values. For Experiment 2, the mean and
standard deviation of the time buffer values corresponding to each blind spot location
in each lane-changing scenario were computed, and a Kruskal-Wallis test was employed
to determine the p-values between blind spot locations and their respective mean and
standard deviation values.

4.1.1. Descriptive Statistical Analysis of Experiment 1

The nonparametric statistical results for each traffic scenario in Experiment 1 are
presented in Table 4. Regarding the traffic flow level, due to the insufficient sample size in
the low traffic flow scenario, only the high and medium traffic flow scenarios are analyzed
in this section.
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Table 4. Nonparametric statistical results for different traffic scenarios in Experiment 1.

f;g{:ﬁi;j P ‘-]Z;l_gi d?f Vehicle Type Veh-Mean Veh-Std. Mean Std.
1 1.363 0.556

City Roads 0.471 0.501 2 1.368 0.665 1.379 0.577
3 1.406 0.511
1 1.522 0.438

Expressway 0.026 0.041 2 1.828 0.214 1.685 0.326
3 1.705 0.326
1 1.343 0.561

Right Lane Changes 0.282 0.366 2 1.389 0.634 1.410 0.557
3 1.497 0.476
1 1.508 0.459

Left Lane Changes 0.309 0.506 2 1.798 0.26 1.594 0.383
3 1.477 0.43
1 1.538 0.421

Medium Traffic Flow 0.014 0.02 2 1.77 0.278 1.500 0.465
3 1.191 0.697
1 1.156 0.699

High Traffic Flow 0.096 0.226 2 1.278 0.739 1.347 0.602
3 1.606 0.367

The results indicate that the mean values of time buffer values are generally smaller in
city road (mean—city roads = 1.379; mean—expressway = 1.685), right lane change (mean—
right lane changes = 1.410; mean—Ieft lane changes = 1.594), and high traffic flow (mean—
medium traffic flow =1.500; mean—high traffic flow = 1.347) scenarios, representative of
the higher cognitive load. In the expressway (p = 0.026) and medium traffic flow (p = 0.014)
scenarios, vehicle types have a significant correlation with the time buffer values, which
means vehicle types have a strong impact on drivers’ cognitive load in these two scenarios.
In contrast, the influence of vehicle types on driver cognitive load is not evident for both
lane-changing directions.

Comparing the mean and standard deviation of the time buffer values corresponding
to different vehicle types in the traffic environments with strong correlation between vehicle
types and time buffer values, it is found that the time buffer values corresponding to Type 2
have the largest mean value and the smallest standard deviation, which is judged to be the
blind zone design that best meets the sweeping characteristics of the driver when changing
lanes and results in a lower cognitive load. Conversely, Type 1 exhibits the smallest mean
time buffer value, corresponding to the highest cognitive load on drivers.

4.1.2. Descriptive Statistical Analysis of Experiment 2

The nonparametric statistics for each traffic scenario in Experiment 2 are shown in
Table 5. It is found that there is a significant correlation between the blind spot locations
and the time buffer values under the three traffic scenarios of expressway (p = 0.014), left
lane change (p = 0.012), and high traffic (p = 0.003), which indicates that the blind spot
locations have a relatively large effect on the cognitive load of the drivers in these three
traffic scenarios.
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Table 5. Nonparametric statistical results for different traffic scenarios of Experiment 2.

p-Value of p-Value of Position = Veh-Mean  Veh-Std.

Veh-Mean Veh-Std.
1 1.391 0.548
City Roads 0.197 0.294 2 1.534 0.424
3 1.344 0.563
1 1.601 0.395
Expressway 0.014 0.02 2 1.684 0.355
3 1.317 0.597
1 1.418 0.533
Right Lane Changes 0.208 0.165 2 1.443 0.464
3 1.191 0.661
1 1.483 0.478
Left Lane Changes 0.012 0.082 2 1.725 0.338
3 1.472 0.494
1 1.37 0.547
Low Traffic Flow 0.477 0.473 2 1.543 0.401
3 1.081 0.738
1 1.587 0.404
Medium Traffic Flow 0.918 0.95 2 1.585 0.405
3 1.592 0.387
1 1.35 0.583
High Traffic Flow 0.003 0.009 2 1.618 0.388
3 1.357 0.574

By comparing the mean and standard deviation of the time buffer values in different
traffic environments, it is found that the blind spot image at position 3 has the smallest
mean and largest standard deviation of the time buffer value, which is considered to have
the largest cognitive load on the driver. The cognitive load is smallest when the blind spot
image is at position 2 and is slightly higher at position 1. This pattern only shows anomalies
under medium traffic, with high probability caused by a poor correlation.

4.2. Bayesian Logistic Ordinal Regressions
4.2.1. Results and Analysis of Experiment 1

Due to the complex and multidimensional nature of the posterior distribution in
Bayesian Logistic Ordinal Regression, it is quite difficult to obtain an analytical solution
directly. To estimate the parameters effectively, researchers have applied the Markov Chain
Monte Carlo (MCMC) method. MCMC is an algorithm commonly used for sampling of
complex probability distributions. By calculating statistical quantities such as the mean,
variance, and 95% confidence interval of the posterior distribution, the results represent
estimates of the fixed effects. The model underwent a total of 12,500 MCMC iterations, with
the first 2500 iterations discarded as a burn-in phase and the remaining 10,000 iterations
forming the final MCMC sample set. The acceptance rate (AR) was 0.21, meaning that
21% of the 10,000 estimated parameter values were accepted. An AR of over 10% indicates
that there are no problems with the convergence of the MCMC, confirming the validity of
the model.
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In Figure 7, the sample values in the MCMC sampling trace plots fluctuate randomly
without showing an upward or downward trend. Overlapping trajectories from multiple
chains indicate consistent sampling results across different chains. The samples in the
trace plots exhibit good mixing in the parameter space, with frequent fluctuations. The
samples do not linger near a particular value for extended periods. After the warm-up
phase, the trace plots display a stable distribution. The vertical axis in the figure represents
the parameter value corresponding to each sample. The concentration of values above
zero indicates that the respective feature factor has a positive effect on increasing the time
buffer, thereby reducing the driver’s cognitive load. Conversely, values distributed below
zero suggest that the feature factor increases the driver’s cognitive load. Based on this
analysis, we can preliminarily conclude that a higher eye height, low traffic flow, medium
traffic flow, and Vehicle Type 2 all contribute to reducing the driver’s cognitive load. On the
other hand, a longer distance and Vehicle Type 1 both increase the driver’s cognitive load.
Meanwhile, the effects of city roads and left lane changes are not evident. As shown in
Table 6, the BLOC estimates include the posterior mean, posterior standard deviation (Std.
dev.), MCMC standard error (MCSE), posterior median, and 95% credit interval. Among
the characteristic variables in this model, except for drivers’ eye height, the MCSE values
for all others are less than 0.01, indicating low variability across repeated simulations and,
thus, reliable results. The close proximity of the posterior means to the medians for all
characteristic variables suggests that the posterior distributions are approximately normal.
Furthermore, the fact that the 95% credit intervals for all characteristic factors exclude
zero demonstrates a statistically significant correlation between each factor and driver
cognitive load.

Table 6. BLOC estimation table of Experiment 1.

Mean  Std.Dev. ~ MCSE  Median [?it/es:f]d
Eye Height 2.388 0.402 0.055 2.388 1586  3.142
Distance ~0.030 0.003 0000  —0030  —0037  —0.023
City Roads —0.203 0.051 0004  —0203 —0302 —0.104
Left Lane Changes  0.152 0.056 0.003 0.151 0043 0.266
Low Traffic Flow 0.839 0.075 0.009 0838 0687 0987
Medium Traffic Flow  0.419 0.054 0.006 0420 0302 0520
Vehicle Type 1 —0.409 0.097 0.009 0410 0602  —0.221
Vehicle Type 2 0.429 0.087 0.006 0.431 0259  0.595

In this table, expressway, right lane changes, high traffic flow and Vehicle Type 3 are omitted.

In Table 6, “omitted” represents the benchmark value for comparison. A negative
fixed effect indicates a higher probability of reducing the time buffer, implying an increased
cognitive load for drivers, while a positive effect suggests the opposite. The analysis of the
results is as follows:

1.  Driver Behavior:

The driver’s eye height exhibits a strong positive correlation with the time buffer
(mean = 2.388042 > 0, 95% CI 1.59 to 3.14), suggesting that within a certain range, a higher
eye height is associated with a lower cognitive load. This is presumed to stem from a
broader field of vision when the line of sight is higher in a range [44].

2. Traffic Environment:

On city roads, the probability of increased cognitive load for drivers is higher under
identical scenarios (mean = —0.203 < 0). City roads are often constrained by multiple physi-
cal obstacles such as buildings, street trees, and traffic facilities, leading to a compressed
field of vision for drivers. This limitation not only complicates the perception of potential
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hazards but also necessitates more frequent adjustments in gaze and attention to allow
drivers to comprehensively assess and respond to dynamic changes in their surroundings.
Additionally, the complexity of city road environments, with pedestrians, non-motorized
vehicles, various types of motor vehicles, and intricate traffic signals and signs, contributes
significantly to the cognitive load of drivers.

Left-lane changing reduces the cognitive load of drivers by 15%, compared to right-
lane changing scenarios. Given that blind spot information is concentrated in the driver’s
right field of view, the driver focuses mainly on the forward area of the target lane during
left-lane changing. Consequently, blind spot alerts from the right (non-focal side) are more
likely to capture the driver’s attention. In right-lane-changing scenarios, the spatial overlap
of blind spot images and the driving task (observing the right lane conditions) along the
line of sight can create a “redundant information” effect, potentially leading to an increase
in the cognitive load. In addition, since the driver’s seat is located on the left, the road
information required when changing to the right lane is farther away from the driver, which
is also one of the possible factors that can cause a higher cognitive load.

Compared to high traffic flow, medium traffic flow reduces drivers’ cognitive load by
84%, while low traffic flow reduces it by 42%, indicating that lower-traffic environments
are more likely to decrease cognitive load. In high traffic flow, the density and rate of
information change significantly increase, demanding numerous and complex decisions
from drivers within short timeframes, thereby heightening the burden on their cognitive
systems. Conversely, in low-traffic flow, with fewer road users, the volume and complexity
of information decrease, substantially reducing the information processing required by
drivers and alleviating cognitive pressure.

3. Blind Spot Imaging Design:

The distance between the blind spot image and the steering wheel center is negatively
correlated with the time buffer (mean = —0.03, 95% CI —0.04 to 0.02), suggesting that within
a certain range, positioning the blind spot image closer to the steering wheel center is more
likely to reduce drivers’ cognitive load.

Comparing the blind spot imaging designs of Vehicle Type 2 and Vehicle Type 3, Vehi-
cle Type 2’s design is more effective in reducing drivers’ cognitive load (mean = 0.43 > 0,
95% CI 0.26 to 0.60). Vehicle Type 2 boasts a larger display area for blind spot images on
the center console, closer to the driver, facilitating information capture.

When comparing Vehicle Type 3 and Vehicle Type 1, Vehicle Type 3’s design also
outperforms that of Vehicle Type 1 when it comes to reducing drivers’ cognitive load
(mean = —0.41, 95% CI —0.60 to 0.22). Although Vehicle Type 3’s blind spot images are
farther from the driver, the larger display area and higher proportion of blind spot images
on the center console likely outweigh this distance factor, resulting in a net reduction in
cognitive load.

In summary, among various vehicle blind spot image designs, those featuring larger
display areas for blind spot images on the center console and a higher proportion of such
images are more likely to reduce drivers’ cognitive load.

4.2.2. Results and Analysis of Experiment 2

To avoid the problem of imbalanced data, in this section, the medium traffic flow is
merged into the low-traffic-flow category for comparative analysis with the high traffic flow.
The model ran a total of 12,500 MCMC iterations, with the initial 2500 iterations considered
as the burn-in phase and discarded, leaving the remaining 10,000 iterations to constitute
the final MCMC sample set. The acceptance rate (AR) was 0.22, indicating that 22% of the
10,000 estimated parameter values were accepted. An AR above 10% suggests that there
are no issues with the convergence of MCMC, validating the model’s effectiveness.
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Similar to Experiment 1, the sampling trace plots (Figure 8) in Experiment 2 exhibit
random fluctuations, stable distributions, and are within a reasonable range of temporal
buffer values. Upon preliminary analysis of the sampled parameter values in Figure 8§,
it is observed that the intervals of various feature variables all encompass the value of 0,
suggesting that these variables do not exhibit a pronounced effect on the driver’s cogni-
tive load.

Locationl Location3
024
el 00
—0.2 4 07 4
0.6 —0.6
Right Lane Changes City Roads
0.0 0.29
—0.21 0.0
o] Shobltbm it 01 kbl A i
—0.6 —0.4

Low Traffic Flow
0.2

0.0
-0.2

—0.4+

The Parameter Value Corresponding
to Each Sampled Sample

Iteration Number
Figure 8. MCMC sampling trace plots of Experiment 2.

As shown in Table 7, within this model, the MCSE values for all feature variables
were less than 0.01, indicating a low variability in the simulated results of MCMC across
different replications, thus rendering the results relatively reliable. Furthermore, the
posterior means and medians of all feature variables were very close, suggesting that the
posterior distributions approximated normal distributions.

Table 7. BLOC estimation table of Experiment 2.

Mean Ste(i MCSE Median [?i:/;s;;d ’
Location1 —0.234 0.090 0.010 —0.234 —0.398 —0.053
Location3 —0.188 0.095 0.006 —0.189 —0.373 0.007
Right Lane Changes —0.254 0.081 0.009 —0.255 —0.405 —0.083
City Roads —0.150 0.091 0.008 —0.149 —0.330 0.033
Low Traffic Flow —0.082 0.078 0.004 —0.084 —0.230 0.081

In this table, expressway, right lane changes, high traffic flow and Vehicle Type 3 are omitted.

The analysis of the results is as follows:

(1) Traffic Environment: The conclusions regarding lane-changing direction and road
type align with those of Experiment 1, validating the effectiveness of the analytical results
from Experiment 1.

(2) Blind Spot Location: comparing position 1 (mean = —0.23, 95% CI —0.39 to 0.05)
with the same longitudinal position but a different transverse position with position 2
(omitted), the latter shows a greater potential to reduce the cognitive load of drivers.
Furthermore, when position 1 (with the above mean and confidence interval) is compared
with position 3 (mean = —0.18, 95% confidence interval —0.37 to 0.01), which has the
same transverse position but a different longitudinal position, position 3 shows a more
pronounced effect in reducing drivers’ cognitive load. However, the confidence interval of
position 3 includes 0, which means that the correlation is not statistically significant. The
displayed blind spot image is located near the driver’s lateral distance and at the same
longitudinal position. Positioning the blind spot display closer to the geometric center of
the central display can reduce the driver’s cognitive load more effectively.
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4.3. Impact Factor Analysiss
4.3.1. The Effect of Individual Characteristic Factors on Cognitive Load

The average absolute value of the SHAP value indicates the degree of influence of that
feature on cognitive load, with a larger value suggesting a greater impact on cognitive load.
A feature density scatter plot is plotted as shown in Figures 9 and 10:
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Figure 9. Feature density scatter plots for Experiment 1.
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Figure 10. Feature density scatter plots for Experiment 2.

As depicted in the figure, each row represents a feature factor. The horizontal axis
corresponds to the SHAP value for each sample of that factor. A positive SHAP value
indicates a positive impact on the time buffer, which translates to reduced cognitive load; a
negative SHAP value indicates the opposite. The color of the sample points indicates the
magnitude of the feature itself, with redder colors representing higher values and bluer
colors representing lower values. The analysis of the results is as follows:

1. Vehicle Type:

Most points for the vehicle type feature fall near SHAP = 0, indicating a minimal
impact on cognitive load. The blind spot imaging design of Brand 3 has a negative impact
on cognitive load, potentially due to the excessively long vertical length of the central
display screen.

2. Blind Spot Design Features:

Blind spot design is divided into two parts. Firstly, the position of the blind spot image,
represented by the distance and location indicators, shows a positive correlation between
distance and time buffer, suggesting that a shorter distance between the blind spot and the
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steering wheel center results in a lower cognitive load within a certain range. This could be
attributed to a shorter scanning path for drivers to quickly capture the blind spot image
and retrieve information, resulting in a lower cognitive load. The correlation between
location and time buffer is significant, with Location 2 positively correlated and Location 1
negatively correlated, indicating that Location 2 reduces driver cognitive load compared to
Location 1, consistent with previous analysis. The SHAP values for Location 3 are evenly
distributed on both sides of 0, indicating no significant impact on driver cognitive load.
Secondly, the size of the blind spot image and its proportion of the central display screen
are determined by the vehicle type, which, according to Analysis (1), has an insignificant
impact on cognitive load. However, Brand 3 displays different blind spot images during
left and right lane changes, necessitating further analysis.

3.  Environmental Factors:

Overall, traffic environmental factors align with BLOR results: the traffic flow is
negatively correlated with the time buffer, indicating increased cognitive load with higher
traffic flow; left lane changes show a significant positive correlation with the time buffer,
while right lane changes show the opposite, suggesting reduced cognitive load during left
lane changes compared to right lane changes; expressways positively correlate with the
time buffer, while urban roads have limited correlation with cognitive load, indicating a
potential reduction in driver cognitive load on expressways.

4.  Driver Characteristics:

Sample points representing higher eye heights are concentrated near 0, indicating
minimal impact on cognitive load when drivers have higher eye heights. Conversely, lower
eye heights significantly impact drivers’ cognitive load.

4.3.2. Interaction Effects

To calculate the SHAP values under the interaction of multiple variables, we focus on
analyzing the combined influence of blind spot image features and other factors.

As shown in Figure 11, the horizontal axis represents the eye height, and the vertical
axis represents the SHAP value for eye height. The color of the sample points indicates
three different vehicle brands, where the vehicle type can reflect characteristics such as the
size of the blind spot image design and its proportion on the central display screen. It is
evident from the figure that drivers in Vehicle Type 1 have a relatively higher eye height,
with most sample points distributed above 0.7, while drivers in Vehicle Types 2 and 3 have
a lower eye height, which may be related to the design of the driver’s seat. When the eye
height approaches 0.8, it negatively impacts the cognitive load, with Brand 1 showing a
stronger negative correlation between blind spot image height and cognitive load. This
could be attributed to its shorter vertical central display screen and smaller proportion of
blind spot image display, making eye height have a more significant impact on the driver’s
ability to capture information. Conversely, when the eye height is lower or higher, the
cognitive load positively correlates with eye height, with Brands 1 and 3 exhibiting stronger
positive correlations than Brand 2, suggesting that a longer vertical height of the central
display screen is more likely to induce changes in the driver’s cognitive load.

As depicted in Figure 12, the SHAP values for all brands under the right lane change
scenario are concentrated between —0.004 and 0.002, indicating a minimal influence of
vehicle type on driver cognitive load in this scenario. In contrast, Brand 2 is more likely
to reduce driver cognitive load during left lane changes compared to Brand 3, as Brand 2
provides more accessible information when a blind spot appears on the left side during
left lane changes. This finding is not contradictory to previous discussions on lane change
directions, since the spatial overlap between the blind spot image and the left rearview
mirror during left lane changes is low, and they do not share the same line of sight.
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Figure 13 illustrates that Position 3 positively affects driver cognitive load under low
traffic flow but negatively impacts it under high traffic flow. This is speculated to be due to
Position 3’s blind spot image being prone to obstruction. Under low traffic flow, drivers
can easily observe the blind spot image in time, but under high traffic flow, its vulnerability
to obstruction hinders timely observation, leading to increased driver cognitive load.

- e
0.015 1 Cimn
3
z
S 00101 g
— - WP e
o Y 1 - o
g el oo
e 00051 ﬁ ] g
- ]
& 2 3
3 0.000 A m S
§ - 3
% S
jan —0.005 4 e}
wn -
wlfe * by
- o ]
—0.010 1 mm— -
LR 1]
Low Traffic Flow High Traffic Flow

Figure 13. Traffic flow-location dependence scatter plot.
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Figure 14 shows a stark contrast in Position 3’s impact based on the direction of lane
changes. During right lane changes, the SHAP values are concentrated between —0.015
and —0.02, indicating an increased likelihood of cognitive load. In contrast, during left
lane changes, the SHAP values are between 0.005 and 0.02, suggesting a reduced cognitive
load. This may be attributed to the ease of capturing information in Position 3 when
simultaneously observing the rearview mirror and blind spot during left lane changes,
which involves a larger scanning range.
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Figure 14. Traffic flow-location dependence scatter plot.

Figure 15 demonstrates that Position 2, with a larger distance between the blind spot
and the central display screen, has SHAP values concentrated above 0, while Positions 1
and 3, with shorter distances, have SHAP values concentrated below 0. This suggests that
Position 2 is more likely to effectively reduce drivers’ cognitive load compared to Positions
1 and 3, which is consistent with previous analyses.
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Figure 15. Traffic flow-location dependence scatter plot.

5. Conclusions

The objective of this study was to quantify the relationship between blind spot display
and drivers’ cognitive load during lane changing in intelligent vehicles. To achieve this, an
improved AttenD algorithm was developed to measure the cognitive load, and various
real-vehicle road-testing experiments were conducted to gather data. Subsequently, a
correlation model between blind spot design and driver cognitive load was established
using BLOR and CatBoost. The detailed conclusions are as follows:
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(1) In terms of the design of the blind spot image display’s size ratio, increasing the
size of the central display screen, the area designated for blind spot image display, and
the proportion of the blind spot image on the central display screen can effectively assist
drivers in acquiring blind spot image information, thereby reducing cognitive load during
lane changes.

(2) Regarding the position of the blind spot image display, the more closely the blind
spot image is displayed to the driver and positioned in the upper-middle section of the
central control screen, the more effectively it can reduce the driver’s cognitive load.

(3) Sight height and traffic environment also have an impact on the cognitive load
of the driver. Within a certain range, there is a strong positive correlation between the
collision buffer time value and the driver’s line-of-sight height. The lower the line-of-sight
height, the greater the impact on the driver’s cognitive load.

Compared to previous research on blind spot monitoring systems or cognitive load,
this paper offers the following innovations:

(1) This study is forward-looking, focusing on the design of blind spot images on
central control screens, an area that has been widely implemented in modern intelligent
vehicles but lacks sufficient research. This provides a new direction for the study of
human-machine interaction safety in intelligent vehicles.

(2) The real-vehicle road testing method employed in this project not only produces
experimental data that more accurately reflect real driving conditions but also allows for
the control of variables, which enables a comparison of how the design features of blind
spot images in different vehicle models impact drivers’ cognitive load. This approach is
superior to previous studies that evaluated driving safety solely through accident data [9]
or driving simulator experiments [15].

(3) Based on data analysis, this paper establishes two models with high goodness-of-fit
to analyze the factors and mechanisms affecting cognitive load. Compared to studies that
only perform statistical analysis [32], this paper provides a more reliable explanation of the
factors influencing cognitive load.

By altering the experimental conditions, our methods can also be applied to investigate
the impact of other visual or auditory information on driver cognitive load during driving,
including the design of traditional rearview mirrors, radio adjustments, and the voice
control functions in modern intelligent vehicles.

Although this study investigated the impact of blind spot design on drivers’ cognitive
load, the research had some limitations. On the one hand, this study overlooked the
effect of drivers” habits on cognitive load, potentially leading to individual differences in
the research conclusions. On the other hand, since Type 1 vehicles allow for blind spot
position adjustments in only three locations, exploring the global optimal solution for these
positions poses certain challenges. In future research, we will continue to investigate the
impact of blind spot position changes in other vehicle models on driver cognitive load,
establish corresponding mathematical models between blind spot position parameters
and time-to-collision buffer values, and develop an evaluation system for assessing the
quality of blind spot image designs to assist automakers in optimizing turn signal blind
spot image designs.
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