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Abstract: In the case of level 3 automated vehicles, in order to safely and quickly transfer control
authority rights to manual driving, it is necessary that a study be conducted on the characteristics of
human factors affecting the transition of manual driving. In this study, we conducted three experi-
ments to compare the characteristics of human factors that influence the driver’s quality of response
when re-engaging and stabilizing manual driving. The three experiments were conducted sequen-
tially by dividing them into a normal driving situation, an obstacle occurrence situation in front, and
an obstacle and congestion on surrounding roads. We performed a statistical analysis and classifica-
tion and regression tree (CART) analysis using experimental data. We found that as the number of
trials increased, there was a learning effect that shortened re-engagement times and increased the
proportion of drivers with good response times. We found that the stabilization time increased as the
experiment progressed, as obstacles appeared in front and traffic density increased in the surrounding
lanes. The results of the analysis are useful for vehicle developers designing safer human–machine
interfaces and for governments developing guidelines for automated driving systems.

Keywords: automated driving; classification and regression tree; control authority transition;
take-over request; re-engagement; stabilization

1. Introduction

To prepare for the era of automated vehicles, countries across the world are dedicating
considerable efforts to studying various fields (for example, core components, semicon-
ductors, software, cartography, vehicles, etc.) and striving to resolve numerous issues to
ensure driving safety [1–5]. Many people expect automated vehicles to reduce the number
of accidents caused by human error. A higher level of automation (three or more) reduces
the burden of driving on the driver. It can improve drivers’ productivity and provide them
with leisure time in the vehicle; in addition, it can reduce traffic accidents caused by manual
driving and improve traffic flow efficiency. Automated vehicles offer the advantage of
comfortable mobility in terms of sustainable mobility for the elderly and the disabled [6].

According to society of automotive engineers (SAE) J3016, there are six levels of auto-
mated driving [7]. Level 0 offers no driving automation, and level 1 offers driver assistance.
Level 2 offers partial driving automation, and level 3 offers conditional driving automation.
Level 4 offers high driving automation, and level 5 offers full driving automation.

At level 3, an automated driving system (ADS) can handle dynamic driving tasks. It
can maintain lanes, headway distance, and vehicle speed on the road; therefore, ADS can
cope with situations such as sudden braking of a car in front of the vehicle. However, the
driver must be able to regain control when the ADS cannot perform driving. As shown in
Figure 1, for the driver to arrive at the destination, the three stages of automated driving,
control authority transition, and manual driving are repeated. The transition from manual
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to automated driving can be realized in a stable manner. In the opposite case, the transition
may be delayed or unstable depending on non-driving-related tasks (NDRTs) and the
ability of the driver. NDRTs are secondary tasks such as eating, texting on smartphone,
and video watching, which can be done by drivers of automated vehicles. The automated
system must be able to notify the driver in advance to ensure that he or she has enough
time to respond to the situation. When the ADS sends a take-over request (TOR) before
the automated stage ends, the driver recognizes the TOR and confirms it in the transition
period. After the confirmation, the driver uses the steering wheel and drives the car
manually. The driver can perform various NDRTs during the automated driving stage, but
he or she must be ready to regain control of the vehicle when a TOR occurs at any time [8].
Driver readiness (DR) is defined as the state of the driver during automated driving that
influences his or her intervention ability to regain control of the vehicle from the ADS [9].
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reaction times depend on secondary tasks and thus need to consider a different type of 
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driving improves the transition performance of the driver. In [17], the reaction time for 
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auditory TORs were used in comparison with purely visual ones. In [18], the driver ob-
tained faster TOR perception when haptic channels were used in addition to auditory and 

Figure 1. Concept of control authority transition from automated driving system (ADS) to driver [10].

It is necessary to study the human factors that determine the characteristics of the transi-
tion between automated and manual modes of driving for safe control authority transitions.
These factors include the driver’s inattention and distraction, situational awareness, over-
reliance on ADS, and driving skill degradation [11]. These human factors can affect TOR
performance, which can be divided into time-related and quality-related performances [9].

The study [12] shows that TOR performance, such as take-over time and quality,
depends on the position of the other vehicle (in front of the vehicle, in the left or right
lane) and traffic density. Participants perform a cognitive two-back task or visual surrogate
reference task as the NDRT prior to the take-over process. A higher criticality of driver
behavior was observed in situations involving high traffic density, such as obstacles in the
middle lane and blocked right/left lane. Research [13] shows a distinctly negative influence
of traffic density (0, 10, 20 vehicles per kilometer) on take-over performance, as higher
traffic density and a greater number of objects lead to delays in initiating the maneuver.
This result may be caused by extended visual scanning and the decision-making process.

In [14], older drivers (over 60 years) reacted as fast as younger drivers (under 28 years)
in situations with no, medium, or high traffic density. However, older drivers differed in
their modus operandi as they braked more often and strongly and maintained a higher time-
to-collision. In [15,16], drivers occupied with a secondary task exhibited larger variance and
slower responses to requests to resume control. The results show that reflective reaction
times depend on secondary tasks and thus need to consider a different type of TORs based
on the status of the driver. The study [10] shows that providing situation awareness (SA)
information (remaining time and distance to TOR) during automated driving improves
the transition performance of the driver. In [17], the reaction time for the driver to place
his or her hands back on the steering wheel was lower when visual–auditory TORs were
used in comparison with purely visual ones. In [18], the driver obtained faster TOR
perception when haptic channels were used in addition to auditory and visual channels.
For the commercialization of level 3 automated vehicles, in addition to the various studies
discussed above, more studies are needed to determine how much time is required to
quickly transfer control to manual driving and to stably operate manual driving, and which
factors affect them. Therefore, in this study, the following topics are determined, and
experiments are conducted to compare the characteristics of human factors that affect the
quality when the driver re-engages in manual driving and present the results.
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Research Question 1. How much time does the driver need to re-engage in manual
driving? How do the characteristics of the driver’s human factor affect the re-engagement
performance of manual driving?

Research Question 2. How much time is required for manual driving to stabilize?
What factors affect the time it takes for manual driving to stabilize?

2. Methods
2.1. Experiment Environment

We conducted experiments using a fixed-based vehicle simulator built based on a
Hyundai Click with fully operational driver controls (Figure 2). The temperature and
humidity in the laboratory were constant. We used three 43-inch monitors for viewing
the front road, left side, and right side to obtain a 135◦ horizontal field of view (FOV).
Further, the wing and the rear-view mirrors were also equipped for the rear road scene with
horizontal and vertical FOVs of 20◦ and 25◦, respectively. The roadway was an eight-lane,
two-way highway environment with four lanes each way. The test vehicle was located in
the third of the four lanes, and we maintained a traffic density of about 20 vehicles in a
1 km section, including vehicles in front, in the left lane (second lane), and in the right lane
(fourth lane). Vehicle and environment information were collected from the simulator, and
driver information was obtained from questionnaires covering each operator’s observations.
The vehicle simulator was linked to a data acquisition (DAQ) server [10,15,18].
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2.2. Participants and Acquisition Data

We recruited 90 participants with at least 1 year of licensed driving experience; the
recruitment was conducted via social networking sites and over the Internet. Of the
90 subjects, half are between 20 s and 30 s; the other half are between 40 s and 50 s. The
ratio of male to female drivers in each age group was the same (45 males and 45 females).
After the experiment was performed, the participants received $27 for their participation.
Each participant completed a national aeronautics and space administration task load
index (NASA-TLX), rating scale mental effort (RSME), and visual analog scale (VAS)
questionnaires at the end of each experiment. Driver, vehicle, and environment data were
collected from the simulator and additional sensors. A Kinect sensor was used to store
information on each driver’s behavior. The time for all collected information except for the
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questionnaire was synchronized to the simulator time. This study was conducted with the
approval of the Public Institutional Bioethics Committee of the Republic of The Republic of
Korea (http://public.irb.or.kr/, approval number P01-202009-13-001).

2.3. Experiment Procedure

The participants were briefed on how to operate the simulator before the experiment.
Before starting the practice driving, the operator guided the participants: “If you manually
manipulate the steering wheel, brake, or accelerator during automated driving, it will
change to manual driving.” After about 3 min of self-driving, when a voice command such
as “Please drive manually” would be announced, the participant must start manual driving.
When changing to manual operation, an auditory notification was made, and the driving
mode information was displayed as “manual operation” on the display screen mounted on
the right terminal. The participants engaged in practice driving and participated in three
kinds of experiments.

Figure 3 shows the detailed experiment procedure. The participants completed a
simulator practice drive, followed by three experiments and the questionnaire. In each ex-
periment, the driver used a smartphone to retrieve or read information during autonomous
driving. At the end of 3 min of autonomous driving, the driver started manual driving,
allowing him or her to continue manual driving for about 2 min and 30 s. The experiment
was conducted by dividing it into a normal driving situation, an obstacle occurrence situa-
tion in front, and an obstacle and congested roadway near the vehicle. When the driver
started driving manually and got used to driving, the participant would say “Stable.” The
difference was analyzed by measuring the time it took to transfer to manual driving in
each situation and the stabilization time of the driver after starting the manual driving.
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2.4. Data Preprocessing

There are three types of time information measured through this experiment: first,
when the driver recognizes the TOR and responds reflexively (eye_ontime); second, when
transitioning from automated to manual driving by using one hand to hold the steering
wheel (hand_ontime); third, when the driver has established stability after manual driving
(settletime). To determine the time that it takes for the driver to recognize the TOR and
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transition to manual driving, we performed preprocessing and collected four-time values
(that is, T1, T2, T3, and Time Budget), as shown in Figure 4. We define T1 as the point of
perception and reflexive behavior. When the TOR occurs, as the driver performs NDRT
during automated driving, some drivers listen to the TOR and raise their eyes-on first. The
driver puts a hand on the steering wheel and regains control from the ADS for manual
operation. T2 represents the mental processing time duration between TOR recognition
and manual driving. When the participant gets used to driving and stabilizes, the driver
says “Stable.” T3 represents the time taken for manual driving to be stabilized. Time
Budget represents the total time elapsed from the generation of the TOR to the stabilization
of manual driving [16]. We calculated the averages for T1, T2, T3, and Time Budget for
all the participants who performed the experiments. Although 90 people participated
in the experiment, outlier data occurred. For example, there was an unexpected delay
in the simulator operation due to inexperience with operation of the vehicle simulator,
some participants failed to state that the manual drive was stabilized after they started
manual driving, and the experimental operator made some mistakes by not entering the T3
observation time. We removed the outliers for T1, T2, and T3. The number of participants
with all T1, T2, and T3 data was reduced from 90 to 84. We used data from the 84 suitable for
analysis. The age group consisted of 43 younger people in their 20 s to 30 s, 41 middle-aged
people in their 40 s to 50 s, and 42 males and 42 females.
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2.5. Classification and Regression Tree Method

We used classification and regression tree (CART) modeling to explain the charac-
teristics of the features that affect the TOR response time and stabilization time. CART is
a decision tree algorithm proposed by Leo Breiman, Jerome Friedman, Richard Olshen,
and Charles Stone in 1984 [19]. CART uses a classification tree when the target variable
is categorical, and it identifies the “class” to which the target variable belongs; it uses a
regression tree when the target variable is continuous, and the tree is used to predict the
value. The CART method can determine the complex interactions among variables in the
final tree [20]. The CART decision tree represents a binary recursive splitting procedure
that can handle continuous and nominal attributes with targets and predictors. CART uses
the Gini index when splitting data. The Gini index measures the impurity of D, a data
partition or set of training tuples, as (1)

Gini(D) = 1 − ∑m
i=1 p2

i (1)

where pi is the probability that a tuple in D belongs to class Ci. The sum is computed
over m classes. The Gini index considers a binary split for each attribute [21]. Typically,
the confusion matrix is used to represent the performance of a classification, such as that
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presented in Table 1, by representing the two classes as positive and negative. True positive
(TP) represents the number of data samples predicted to be positive when belonging to the
positive class. False positive (FP) represents the number of data samples predicted to be
positive when belonging to the negative class. True negative (TN) and false negative (FN)
are defined similarly.

Table 1. Confusion matrix.

Predicted Class

Positive Negative

Actual Class
Positive TP (True Positive) FN (False Negative)

Negative FP (False Positive) TN (True Negative)

Accuracy is calculated by dividing the number of correct predictions (TP + TN) by the
total number of predictions (TP + FN + FP + TN) as in Equation (2). The true positive rate
(TPR) is a basic evaluation measure that is defined as the ratio of the correctly predicted
true to the actual true instances as shown in Equation (3). TPR is also known as sensitivity
or recall. A classifier with a high TPR (sensitivity) has a high chance of correctly identifying
the positive instances of the data. The true negative rate (TNR) is defined as the ratio of the
correctly predicted false to the actual false instances as shown in Equation (4). TNR is also
known as specificity. A high TNR value implies that the classifier correctly classifies any
randomly chosen negative instance in the data set. Sensitivity and specificity are measures
used in binary classification applications where the successful detection of one of the classes
is considered more significant than the detection of the other classes. We used accuracy,
sensitivity, and specification to evaluate the performance of the classification model.

Accuracy =
TP + TN

TP + FN + FP + TN
(2)

Sensitivity =
TP

TP + FN
(3)

Specificity =
TN

FP + TN
(4)

3. Results
3.1. Statistical Analysis Results for Take-Over Transition Time

The three experiments were conducted sequentially by dividing them into a normal
driving situation, an obstacle occurrence situation in front, and an obstacle and congested
roadway near the vehicle.

Table 2 shows the results of the statistical analysis on the T1T2 re-engagement time
and T3 stabilization time measured in three experiments. When the T1T2 average was
calculated after combining the three experimental results, the average was 4.25 s. Analyzing
the results of each experiment, the re-engagement time of experiment 3 was fastest with
an average of 3.1 s, and experiment 2 was 4.29 s and experiment 1 was 4.74 s. There were
significant differences in the results of ANOVA (analysis of variance) for T1T2 of the three
experiments (F-value = 13.2, p = 0.00). As the experiment progressed, we could see that the
driver’s response speed became faster.
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Table 2. Statistical analysis results for transition time.

Trial No. N
T1T2 (Re-Engagement Time) T3 (Stabilization Time)

Mean SD 1 Mean SD

Experiment 1 84 4.74 1.41 11.54 10.31
Experiment 2 84 4.29 1.39 22.65 12.05
Experiment 3 84 3.71 1.09 28.55 13.74

All
experiments 252 4.25 1.36 20.92 13.47

1 Standard Deviation.

When the T3 average was calculated after combining the three experimental results,
the average was 20.92 s. Analyzing the results of each experiment, the T3 stabilization time
of experiment 1 was fastest with an average of 11.54 s, and experiment 2 was 22.65 s and
experiment 3 was 28.55 s. The results of ANOVA for T3 of the three experiments showed
a significant difference (F = 47.3, p = 0.00). Unlike the T1T2 re-engagement time, the T3
stabilization time increased as the experiment progressed. That is because the three types
of experiments provided different conditions of the road ahead and the condition of traffic
after switching control rights. Through the three experiments, we can confirm that the T3
stabilization time is affected when there is an accident in the road ahead or when the traffic
density of the surrounding roadway is high.

3.2. Classification Result for Re-Engagement Time

In order to safely use a level 3 automated vehicle, research is needed to see whether the
driver can start manual driving within a limited time. Studies are ongoing on appropriate
thresholds for a TOR’s response time and may vary from country to country. For example,
a TOR’s response time threshold was suggested to be 4 s in [22]. To verify whether the
threshold time is adequate, it is necessary to determine the percentage of drivers who
regained control authority within the threshold. In addition, research is needed to find out
what driver characteristics take a long time to regain control.

In Figure 4, we define the time to recognize a TOR and react reflexively as T1, and
the time to put the hand on the steering wheel as T2. The time to recognize the TOR
and start manual operation is the time to add T1 and T2. In this paper, we denote this
as T1T2. We used the average value of T1T2 measured in the experiment as a threshold
value to classify the TOR reaction time into a group with a slow response time and a
good group, and performed a CART analysis to find out how the driver’s human factor
characteristics affect it. The results of the analysis can be used to train and guide the driver
in transferring to manual driving stably. Referring to Table 2, each experimenter performed
three experiments; 252 T1T2 re-engagement times were obtained. They were divided into
two groups based on the average re-engagement time of 4.25 s in Table 2.

Table 3 represents a classification table for the results of CART analysis using the driver
characteristics. Evaluating the performance of the CART analysis for T1T2, the accuracy
was 64.3%, the sensitivity for predicting a good grade was 0.7639, and the specificity for a
slow grade was 0.4815.

Table 3. Classification table in classification and regression tree (CART) analysis for T1T2 Re-
engagement Time.

Predicted Class

T1T2_Good T1T2_Slow

Actual Class
T1T2_Good 110 (76.39%) 34 (23.61%)
T1T2_Slow 56 (51.85%) 52 (48.15%)

Figure 5 shows the decision tree obtained by performing CART analysis. We can
determine the driver characteristics from a good and slow TOR response time group
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through the decision tree configuration. The good class consists of 144 cases (57.1%), and
the slow class consists of 108 cases (42.9%). The characteristics of branched nodes in CART
analysis are as follows:
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• Nodes 1 and 8: In experiments 2 and 3, compared with experiment 1, the percentage
of drivers with good class re-engagement time for manual driving increased by 29.1%
from 36.4% to 65.5%. This indicates that the proportion of participants with good
response times increases, and there is a learning effect from the experiment. Therefore,
it has been observed that the learning effect reduces response time, which means that
level 3 autonomous drivers need education and training.

• Nodes 2–7: Among the participants in experiment 1, middle-aged drivers showed a
13.8% lower good class ratio than young-aged drivers. You can see that the reaction
time varies according to age. There was no significant difference in the good class
ratio between female drivers and male drivers in experiment 1.

• Nodes 9 and 16: Among the participants in experiment 2, middle-aged drivers showed
a 20.7% lower good class ratio than young-aged drivers, showing that the reaction
time varies with age.

• Nodes 10–15: For middle-aged drivers, the good class ratio increased by 13.1% in
experiment 3 compared with experiment 2. Since the experiment was repeated, the
time to start manual operation became faster. In experiment 2, female drivers had a
13% lower good class ratio than male drivers, but in experiment 3, it was 4.1% lower. It
can be seen that with repeated experiments, middle-aged female drivers also engaged
in manual driving more rapidly, which means that level 3 autonomous drivers benefit
from education and training.

• Nodes 17–20: Young-aged female drivers had a 15.1% lower good class ratio than
male drivers. Likewise, the good class rate in experiment 3 increased by 5% compared
with experiment 2, so the more times the experiment was repeated, the faster was the
reaction time to start manual operation.

Analysis of the results indicated that the driver’s age and the number of repetitions of
the experiment were factors that significantly affected the re-engagement time of manual
driving, and that there was a slight difference according to gender.
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3.3. Classification Results for Stabilization Time

In a level 3 automated vehicle, it is important to quickly regain control and allow
the driver to stably drive manually. Therefore, the ADS must be able to process the TOR
considering the time until the driver stabilizes the operation after manual transition. In our
experiment, we instructed the driver to say “Stable” when the manual drive became stable,
and used this to measure the T3 stabilization time.

Referring to Table 2, each experimenter performed three experiments; 252 T3 stabi-
lization times were obtained. They were divided into two groups based on the average
re-engagement time of 20.92 s in Table 2. Table 4 represents a classification table for the
results of CART analysis using the driver characteristics. Evaluating the performance of
the CART analysis for T3, the accuracy was 73.2%, the sensitivity for predicting a good
grade was 0.7349, and the specificity for a slow grade was 0.7209.

Table 4. Classification table in CART analysis for T3 stabilization time.

Predicted Class

T3_Good T3_Slow

Actual Class
T3_Good 122 (73.49%) 44 (26.51%)
T3_Slow 24 (27.91%) 62 (72.09%)

Figure 6 shows the decision tree obtained by performing CART analysis. We can
identify the driver characteristics from a good and slow stabilization time group through
the decision tree configuration. The good class consists of 166 cases (65.9%), and the slow
class consists of 86 cases (34.1%). The characteristics of branched nodes in CART analysis
are as follows:
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• Nodes 1 and 8: For the stabilization time class of manual operation, nodes were
branched according to the status of the road ahead and traffic conditions in the
surrounding lanes. If there is an obstacle or vehicle in front of you due to an accident,
you must avoid it and change lanes. The good class ratio in node 1 was 78.6% and
the good class ratio in node 8 was 40.5%. Therefore, the good class ratio in the case of
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heavy traffic from obstacles and in surrounding lanes was 40.5%, which was 38.1%
lower than that of 78.6% which was not.

• Nodes 2 and 3: After transition to manual driving, it can be seen that 88.1% of the
driver’s stabilization time was seen quickly when the road in front had a good flow.
However, when there was an obstacle in front, it can be seen that a situation in which
lane change was required occurred, and the class with good stabilization time was
reduced to 69%. Through this, it can be judged that the control authority transition
should be planned in consideration of the state of inactivity of the surrounding roads.

• Nodes 4–7: Middle-aged drivers have a 20.6% lower percentage of good class compared
with young drivers among the participants, indicating that the stabilization time varies
with age. In particular, middle-aged female drivers showed a 28.2% greater difference
in good class percentage than male drivers. Therefore, the stabilization time may vary
depending on the age and gender characteristics, so it is important to be able to take
these human factor characteristics into account in the control transition notification.

• Nodes 9–16: When there was an obstacle in front of the driver after regaining control
and the traffic density of the surrounding road was high, a large proportion of classes
experienced a slow stabilization time. We found that female drivers need more
stabilization time than male drivers, and middle-aged female drivers in particular
need more stabilization time.

As a result of the analysis, we found that the safety of manual driving is greatly
influenced by the characteristics of road conditions and a driver’s human factors. Based
on these results, it is necessary to plan a request for level 3 control transfer in considera-
tion of road environment information, such as road conditions ahead and surrounding
traffic conditions.

3.4. Statistical Analysis Results for Workload, Fatigue, and Effort

In experiment 1, the driver transferred from automated to manual driving and per-
formed manual driving for about 2 min and 30 s while following the vehicle in front. There
were no obstacles, and the traffic flow was light, so the driver was able to drive easily. In
experiment 2, after regaining control, the driver must change lanes to avoid an obstacle
100 m ahead. Additionally, he or she performed manual driving for about 2 min and 30 s.
There was a process for avoiding obstacles. In experiment 3, after control was transferred
from automated driving to manual driving, and there was an obstacle in front, lane change
was necessary, but it was difficult to change lanes because there were many vehicles in the
surrounding lanes. Manual driving was performed for 2 min and 30 s. We conducted a
survey to understand how the driver’s workload, effort, and fatigue vary from experiment
to experiment.

Table 5 shows the ANOVA results for workload, fatigue, and effort. Each participant
completed a questionnaire about workload, effort, and fatigue at the end of each exper-
iment. We used NASA-TLX data to determine “How much work did you feel during
the experiment,” and used RSME data to determine “How much effort did you put into
conducting the experiment,” and used the VAS questionnaire to determine “How tired
are you from participating in the experiment.” As the experiment progressed, the driver’s
workload, effort, and fatigue increased significantly, as shown in Table 4. In experiment
3, the workload felt by the driver increased by 36.8% compared with experiment 1, the
effort increased by 21.6%, and fatigue increased by 41.6%. This is because manual driving
became difficult due to increased obstacles and traffic density after regaining control as
the experiment progressed. Accordingly, as the experiment progressed, the re-engagement
time shortened, but the stabilization time increased. Therefore, the transfer of control of a
level 3 automated vehicle can be safe only if it can provide a planned transition of control
that takes into account road conditions and environments. In addition, the re-engagement
time for manual driving of level 3 vehicles can be shortened through training, so education
on gaining safe control is necessary.
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Table 5. Analysis of variance (ANOVA) results for workload, fatigue, and effort.

Trial No. N
NASA TLX Score RSME Score VAS (%)

Mean SD Mean SD Mean SD

Experiment 1 84 26.2 5.12 20.5 19.62 61.2 33.92
Experiment 2 84 27.9 5.28 21.0 19.07 67.4 36.24
Experiment 3 84 35.9 5.99 29.1 25.54 74.4 37.88

ANOVA Results F = 5.55, p = 0.004 F = 2.83, p = 0.061 F = 4.16, p = 0.016

4. Conclusions

For level 3 automated driving, the driver must be able to recontrol the vehicle at any
time in the event of a TOR. In a level 3 automated vehicle, it is important to transfer control
authority between automated driving and manual driving [7]. When control is transferred
from ADS to manual operation, response may be delayed depending on the driver’s NDRT
and driving capability. This study uses the results of three experiments to compare the
characteristics of human factors that influence the quality of a driver’s response when
re-engaging manual driving.

The re-engagement time of experiment 3 was fastest with an average of 3.1 s, and
experiment 2 was 4.29 s and experiment 1 was 4.74 s. We found that as the number of trials
increased, there was a learning effect that shortened re-engagement times and increased
the proportion of drivers with good response times. As a result of CART analysis, the
driver’s age and the number of repetitions of the experiment were found to be factors
that significantly affected the re-engagement time of manual driving, and there was a
slight difference according to gender. Therefore, for middle-aged or older drivers, a driver
education and training system using automated vehicles may be required.

We analyzed how the stabilization time of manual driving varied as the experiment
progressed, as obstacles appeared in front and traffic in the surrounding lanes increased.
The stabilization time of experiment 1 was fastest with an average of 11.54 s, and experiment
2 was 22.65 s and experiment 3 was 28.55 s. Unlike the re-engagement time, we found
that the stabilization time was longer when an accident occurred on the road ahead
or when traffic density was high on the surrounding lanes. In addition, as a result of
CART analysis, we found that the safety of manual driving was greatly influenced not
only by the characteristics of the road situation but also by the driver’s age and gender
factors. Based on these results, it is necessary to plan a request for level 3 control transfer
in consideration of road environment information, such as road conditions ahead and
surrounding traffic conditions.

In the future, vehicle-to-everything (V2X) communications supported by sixth-generation
(6G) wireless systems will be an important element of connected autonomous vehicles.
A wide range of wireless technologies, such as vehicle-to-vehicle (V2V) communication,
vehicle-to-infrastructure (V2I) communication, vehicle-to-pedestrian (V2P), and so forth,
will be in service [23,24]. Therefore, it is possible to request a TOR in consideration of front
obstacles or traffic density information in surrounding lanes, reducing the re-engagement
time and stabilization time of manual driving, thereby improving the performance of
autonomous vehicles. The results of the analysis are useful for vehicle developers designing
safer human–machine interfaces and for governments developing guidelines for automated
driving systems. When commercializing level 3 vehicles, governments should consider
systems that can educate and evaluate drivers in obtaining licenses for automated vehicles.
In the future, we will continue to work on how to monitor driver readiness and shorten
TOR response times.

According to the literature [25], the combined time it takes for a person to perceive a
threat and react to it is known as the perception–reaction time. This combined time is, of
course, slightly longer than the reaction time. In cases relevant to accident reconstruction,
it is often on the order of 1.5 s, although it can be slightly faster (near 0.7 s) if the situation
is anticipated to some degree. Alternatively, a highly ambiguous situation, where the need
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for a reaction is not obvious, can result in an even longer perception–reaction time [25]. For
the stable use of higher automated vehicles, there is a continuous need for research on how
to shorten the perception–reaction time of drivers. In the future, we will continue to work
on how to monitor driver readiness and shorten TOR perception and reaction times.
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