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Abstract. Automobiles are essential to society, while they cause some
problems. In particular, traffic accidents by older drivers are a serious
problem. Driving assistance systems are promising solutions to this prob-
lem. However, it is not easy to develop acceptable and comfortable driv-
ing assistance systems for all drivers. To realize such systems, we need
to consider the driver characteristics or personality of the drivers.

In this paper, we predict the psychological characteristics of older
drivers from on-road driving data and propose a classification model. We
posit that road types are important information for estimation and that
important driving behaviors appear not only in whole driving but also in
partial driving. Under these hypotheses, our feature extraction method
segments time-series data using road types and further segments data
into various duration sequences. Experimental results show that some
items can be predicted with high accuracy and validate the efficacy of
the segmentation. We use a dataset that includes time-series driving
data, the Driving Style Questionnaire scores, and the Workload Sensi-
tivity Questionnaire scores of 24 older drivers. Also, this study gives a
new perspective to the prediction of individual characteristics.

Keywords: Driver characteristics · Driving style · Driving workload ·
Driving assistance systems · Social signal processing · Multimodal

1 Introduction

Automobiles are beneficial and indispensable to society, but they cause some
problems. In particular, traffic accidents by older drivers are a serious problem.
According to the report by the Centers for Disease Control and Prevention,
approximately 8,000 older adults were killed in traffic crashes, and more than
250,000 were treated in emergency departments for crash injuries in 2019 [1].
Driving assistance systems are one of the solutions to this problem, but it is
not easy to develop acceptable and comfortable driving assistance systems for
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all drivers. Exiting systems are usually designed based on average driver char-
acteristics [2] even though there are various types of drivers. Therefore, some
people feel uncomfortable with feedback on driving and ignore systems. To real-
ize acceptable and individualized driving assistance systems, we need to consider
driver’s characteristics. Thus, driver’s characteristics recognition is an important
task. Representative characteristics of drivers are driving style, and a lot of pre-
vious research has focused on driving style recognition from driving data. How-
ever, recognition of psychological aspects of driving style has not been focused
on. Although sensitivity to driving workload is also one of the important char-
acteristics of drivers, similar to the psychological driving style, psychological
sensitivity to driving workload has not been focused on, and no study estimates
it from driving data. Several studies showed the relationship between driving
performance and personality [3,4], and stress [5,6].

Based on these results, we posit that psychological driving style and psycho-
logical sensitivity to driving workload can be estimated from driving data. Our
goal is to estimate the psychological driving style and the psychological sensi-
tivity to the driving workload of older drivers from on-road driving data. As
metrics of them, we use Driving Style Questionnaire (DSQ) [7], and Workload
Sensitivity Questionnaire [8], which are measured based on a self-report ques-
tionnaire. We use the dataset in [9], which includes time-series driving data and
scores of DSQ and WSQ of older drivers.

This paper proposes a model for estimating psychological driving style and
sensitivity to driving workload. We incorporate two hypotheses to our model
that road types are important information for estimation and that important
driving behaviors appear not only in whole driving but also in partial driving.
Our model can consider different driving scenes and capture important driving
behavior for estimation by segmenting time-series driving data. In addition to
the estimation, we analyze road type-specific differences of effective sensors and
the duration of important driving behaviors. These analyses give clues to further
study on estimation of drivers’ psychological characteristics.

In the area of social signal processing, psychological characteristics or per-
sonality traits are predicted from a great variety of data sources, for example,
multi-party meetings [10], social media [11], speech [12], and game [13]. How-
ever, predicting psychological characteristics from driving data has not been
shed light. This study gives a new data source and a new method to predict
psychological characteristics to social signal processing.

The rest of this paper is organized as follows. In Sect. 2, we describe existing
related studies. Then, Sect. 3 details the dataset used in our experiments. We
explain the feature extraction method in Sect. 4. The experimental setting is
presented in Sect. 5, and the experimental results are presented in Sect. 6. In
Sect. 7, we discuss the results of the experiments. Finally, Sect. 8 concludes this
paper.
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2 Related Works

This study focuses on estimating drivers’ psychological characteristics from driv-
ing data. No previous study has addressed this estimation, but several studies
analyzed the relationship between driving and personality. We hypothesize that
psychological characteristics can be estimated from driving data based on the
previous study. This research is also related to driving assistance systems.

2.1 Relationship Between Driving and Personality

Some studies revealed that driving performance is related to personality. Adrian
et al. [3] investigated the relationship between driving performance and person-
ality traits among older drivers. It was reported that personality (extraversion)
is negatively related to driving performance. In [14], aggressive driving, crashes,
and moving violations are predicted by the driver’s personality. Guo et al. [15]
found that driver’s personality traits affect accident involvement and risky driv-
ing behavior. Also, an association between driving stress and personality was
indicated in [5].

2.2 Driver Assistance Systems

To date, various types of driver assistance systems have been proposed, and they
are grouped into two broad categories: those that promote safe driving and those
that improve fuel efficiency. There are various ways in which the driver assistance
systems provide feedback. Stoichkov et al. [16] proposed a visual feedback system
that lowers fuel consumption and the risk of traffic accidents. Fazeen et al.
[17] proposed audio feedback systems using a smartphone for safety awareness.
These feedback systems are easy to implement and cause less discomfort than
other approaches but may be ignored by a driver and cannot always force them
to acknowledge the feedback. Xu et al. [18] developed a system that stiffens
the accelerator pedal according to the discrepancy between the actual vehicle
speed and the desired vehicle speed. Although such systems feature enforcement
against the drivers, some drivers may feel uncomfortable and disable them. Syed
et al. [19] analyzed drivers’ acceptance of the feedback systems. The automatic
estimation of the driver’s personality traits enables such assistance systems to
support the individual driver adaptively.

3 Dataset

In this study, we use the dataset provided by the Institute of Innovation for
Future Society of Nagoya University [9]. The dataset is collected from driving
tests, and 24 older drivers participated. The participants drove a car equipped
with various sensors including a GPS sensor in the driving tests. They drove two
times each, but we used 38 driving data (23 drivers) because the seven driving
data have large missing parts. Hence, there are drivers whose two driving data
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are used and one driving data is used. The driving tests were conducted on public
roads around Nagoya city. In the tests, all participants departed from Nagoya
University first, then drove on the arterial road, and then circumnavigated the
residential area, finally, returning to Nagoya University. The total mileage and
the total driving time are different for each participant. The driving duration
ranged from 2245 s to 4762 s, with an average of 2885 s. The Mileage ranged
from 10079 m to 14810 m, with an average of 12109 m. Figure 1 shows a car
used in the tests. In addition to the driving tests, the drivers answered questions
about driving style and workload.

Fig. 1. The car used in driving test.

3.1 In-vehicle Sensor Data

The Participants drive public roads with cars which equip with 38 in-vehicle
sensors. The driving data is obtained through Controller Area Network (CAN).
We use 12 in-vehicle sensors which are detailed in Table 1 plus GPS sensor. The
GPS sensor is only used for preprocessing of driving data. The cars did not equip
with a jerk sensor. Hence, jerk values are calculated by the first-order difference
of estimated acceleration. The example of the time-series data of steering angle
is shown in Fig. 2.

3.2 Driving Style Questionnaire and Workload Sensitivity
Questionnaire

Driving Style Questionnaire (DSQ) and Workload Sensitivity Questionnaire
(WSQ), which are based on a self-report questionnaire are introduced by [7]
[8] for characterizing drivers from a psychological aspect. In [8], the relevance
between car following behavior and DSQ are validated. Table 2 and Table 3 detail
the items of DSQ and WSQ. DSQ has eight items on a scale from 1 to 4, and
WSQ has 10 items on a scale from 1 to 5. We classify drivers with high and low
scores of DSQ and WSQ items.
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Table 1. In-vehicle sensors.

Sensor Unit

1 Steering angle deg

2 Electronic power steering (EPS) torque Nm

3 Forward acceleration m/s2

4 Lateral acceleration m/s2

5 Yaw rate deg/sec

6 Speed km/h

7 Forward right wheel speed km/h

8 Forward left wheel speed km/h

9 Accelerator position %

10 Brake pressure MPa

11 Estimated acceleration m/s2

12 Fuel consumption ml

Fig. 2. The example of the time-series data of steering angle.

Table 2. Driving Style Questionnaire (DSQ).

Item

1 Confidence in driving skill

2 Hesitation for driving

3 Impatience in driving

4 Methodical driving

5 Preparatory maneuvers at traffic signals

6 Importance of automobile for self-expression

7 Moodiness in driving

8 Anxiety about traffic accidents
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Table 3. Workload Sensitivity Questionnaire (WSQ).

Item

1 Understanding of traffic conditions

2 Understanding the road conditions

3 Interference with concentration

4 Decline in physical activity

5 Disturbance on the pace of driving

6 Physical pain

7 Path understanding and search

8 In-vehicle environment

9 Control operation

10 Driving posture

4 Feature Extraction

To classify drivers, we extract features from time-series sensor data listed in
Table 1 plus a jerk. Our feature extraction method is based on two hypotheses.
The first hypothesis is that driving behaviors that are related to drivers’ psy-
chological characteristics and workload are different among road types. Since
driving behavior is strongly related to road type, several studies on driving style
recognition from driving data used road type information [20,21]. Besides, men-
tal workload in driving depends on road context [22] and visibility [23]. Based
on this hypothesis, we segment time-series driving data into two road types,
namely, arterial roads and intersections. Then, features are extracted from each
road type. The driving data is segmented by the car’s position obtained through
the GPS sensor. We use four intersections where all drivers’ data were recorded
accurately. We treat these four intersections as the same road types, but features
are extracted separately because the visibility and ease of driving are not equal.
Figure 3 shows the driving route in the tests.

The second hypothesis is that differences in drivers’ psychological character-
istics appear not only in whole driving but also in partial driving. We further
segment time-series driving data into many sequences with various durations
because we have no a priori knowledge about when or where the important
driving behaviors for predicting psychological characteristics appear. The time-
series data of arterial roads are segmented so that the duration of each segment
is equal and the average duration for each segment is [All, 60, 30, 15, 10, 5, 3].
“All” means no division, i.e., whole arterial road (with an average of 355 s).
For intersections, since time-series data are too short, they were segmented into
the first and second halves of each intersection. This segmentation capture both
long-term and short-term driving behavior. Statistics (mean, median, variance,
maximum, kurtosis, and skewness) are calculated from each sequence and used
as input features of machine learning models. An overview of the model is shown
in Fig. 4.
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Fig. 3. Driving test route (red line). (Color figure online)

Fig. 4. Overview of the model. The left side shows an overview of the arterial road and
the right side shows an overview of the intersections.

5 Experimental Setting

We classify drivers with high and low scores of DSQ and WSQ and evaluate
the accuracy of the classification models. We use logistic regression with L2
regularization, linear support vector machine, random forest as classification
models. Deep neural network models such as a 1-D CNN and LSTM are suitable
for time-series data. However, we do not use them in the present study because
the amount of data is too small to train prediction models. The regularization
parameter values of the logistic regression and linear support vector machine
are selected from [0.001, 0.01, 0.1, 1, 10, 100]. The maximum depth of the tree
of the random forest is selected from [3,5,7,9,11]. These hyperparameters are
tuned in the training set. As an evaluation criterion of classification models,
we report an F1-score because a class imbalance occurs in some items. We use
leave-one-person-out cross-validation to evaluate classification models. To avoid
overfitting, we apply feature selection for each fold, and features that correlate
with scores of each item with |r| > 0.1 are used. Scales of DSQ and WSQ
are different; we split these scores based on the median value to create binary
classification labels and then, conduct binary classification.
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6 Results

To evaluate our models and the efficacy of two types of segmentation by road
types and sequences of various duration, we compare three models, namely, (i)
a model with both road type and various duration segmentation, (ii) a model
only with road type segmentation, and (iii) a model without any segmentation.
Model (i) and (ii) predict drivers’ psychological characteristics separately on the
arterial roads and at the intersections.

6.1 Comparison Between Various Duration Segmentation Models

First, we focus on the classification accuracies of the two models with various
duration segmentation and compare them. Tables 4 and Table 5 respectively show
the classification results of DSQ and WSQ. Columns 2 to 4 in Tables 4 and 5 show
the accuracies of the models with two types of segmentation (i) and columns 5
to 7 show the accuracies of the models without various duration segmentation
(ii). LR, SVM, and RF denote logistic regression, support vector machine, and
random forest. The bold values indicate the highest accuracy among all models
and road types for each item.

Concerning DSQ, the model (i) achieved the best accuracies in six items while
the model (ii) achieved the best accuracies in four items. For all DSQ items, the
best F1 scores were above 0.7. In particular, the best F1 scores of confidence
in driving skill, impatience in driving, and anxiety about traffic accidents were
0.831, 0.825, and 0.848, respectively. These scores were comparably high and
exceeded 0.8. Concerning WSQ, the model (i) achieved the best accuracies in
five items, and the model (ii) achieved the best accuracies also in five items. In
comparison with the result of DSQ, the accuracies for WSQ were low and only
two items, control operation and driving posture had the best F1 scores above
0.7.

For both DSQ and WSQ, all best F1 scores were higher than 50%, random-
assignment baseline. According to this result, our models worked well for esti-
mating the driver’s psychological aspect, but, for some items, the accuracy was
not high, particularly WSQ items. The various duration segmentation improved
the F1 scores of importance of automobile for self-expression (DSQ) and decline
in physical activity (WSQ) by 0.143 and 0.104, respectively. However, in other
items, segmentation resulted in slight improvement or degradation.
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Table 4. Classification accuracy (F1-score) of the model with and without various
duration segmentation for DSQ.

With segmentation Without segmentation

DSQ LR SVM RF LR SVM RF

Arterial road

Confidence in driving skill 0.754 0.754 0.831 0.831 0.56 0.774

Hesitation for driving 0.618 0.593 0.733 0.754 0.625 0.618

Impatience in driving 0.794 0.774 0.812 0.825 0.746 0.794

Methodical driving 0.702 0.712 0.774 0.714 0.615 0.724

Preparatory maneuvers at traffic signals 0.512 0.565 0.5 0.714 0.667 0.636

Importance of automobile for self-expression 0.566 0.593 0.69 0.538 0.553 0.56

Moodiness in driving 0.759 0.746 0.733 0.75 0.565 0.692

Anxiety about traffic accidents 0.848 0.831 0.848 0.813 0.75 0.787

Intersections

Confidence in driving skill 0.733 0.618 0.812 0.754 0.727 0.812

Hesitation for driving 0.755 0.755 0.654 0.627 0.642 0.667

Impatience in driving 0.759 0.737 0.774 0.737 0.75 0.774

Methodical driving 0.69 0.468 0.691 0.643 0.56 0.69

Preparatory maneuvers at traffic signals 0.727 0.739 0.652 0.766 0.766 0.682

Importance of automobile for self-expression 0.708 0.708 0.655 0.553 0.565 0.542

Moodiness in driving 0.692 0.706 0.702 0.733 0.565 0.702

Anxiety about traffic accidents 0.774 0.787 0.831 0.831 0.82 0.848

6.2 Comparison with Road Type Segmentation Models

Second, we compare the results of the models with and without road type seg-
mentation. Tables 6 and 7 respectively show the classification results of DSQ
and WSQ of the model without any segmentation (iii). The bold values indicate
the F1 scores that are higher than the best F1 scores of the models with road
type segmentation (i) and (ii). For the model (iii), only anxiety about traffic
accidents (DSQ) was predicted more accurately with the F1 score of 0.871, and
the accuracies of other items were not more than the accuracies of the models
(i) and (ii). Therefore, road type segmentation worked well to estimate drivers’
psychological characteristics.
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Table 5. Classification accuracy (F1-score) of the model with and without various
duration segmentation for WSQ.

With segmentation Without segmentation

WSQ LR SVM RF LR SVM RF

Arterial road

Understanding of traffic conditions 0.625 0.625 0.667 0.51 0.324 0.654

Understanding road conditions 0.5 0.583 0.64 0.458 0.5 0.455

Interference with concentration 0.429 0.419 0.458 0.679 0.381 0.35

Decline in physical activity 0.429 0.368 0.439 0.417 0.429 0.381

Disturbance on driver’s pace 0.526 0.571 0.609 0.538 0.537 0.455

Physical pain 0.333 0.409 0.458 0.531 0.537 0.35

Path understanding and search 0.372 0.341 0.103 0.41 0.462 0.25

In-vehicle environment 0.372 0.612 0.56 0.652 0.696 0.625

Control operation 0.605 0.571 0.462 0.41 0.389 0.474

Driving posture 0.69 0.577 0.746 0.774 0.531 0.69

Intersections

Understanding of traffic conditions 0.565 0.545 0.52 0.565 0.5 0.52

Understanding road conditions 0.667 0.619 0.612 0.591 0.578 0.667

Interference with concentration 0.522 0.45 0.489 0.578 0.622 0.489

Decline in physical activity 0.683 0.6 0.667 0.571 0.537 0.579

Disturbance on driver’s pace 0.524 0.585 0.545 0.571 0.512 0.571

Physical pain 0.5 0.476 0.5 0.533 0.591 0.488

Path understanding and search 0.564 0.632 0.5 0.649 0.684 0.667

In-vehicle environment 0.698 0.714 0.609 0.652 0.683 0.545

Control operation 0.619 0.488 0.619 0.558 0.537 0.718

Driving posture 0.511 0.533 0.593 0.667 0.612 0.577

Table 6. Classification accuracy of the model without road type segmentation for
WSQ.

WSQ LR SVM RF

Confidence in driving skill 0.831 0.618 0.754

Hesitation for driving 0.549 0.609 0.679

Impatience in driving 0.812 0.615 0.794

Methodical driving 0.667 0.68 0.655

Preparatory maneuvers at traffic signals 0.651 0.667 0.553

Importance of automobile for self-expression 0.636 0.651 0.667

Moodiness in driving 0.724 0.625 0.727

Anxiety about traffic accidents 0.871 0.852 0.862



156 R. Kimura et al.

Table 7. Classification accuracy of the model without road type segmentation for
DSQ.

WSQ LR SVM RF

Understanding of traffic conditions 0.566 0.591 0.553

Understanding road conditions 0.622 0.667 0.609

Interference with concentration 0.6 0.6 0.444

Decline in physical activity 0.455 0.564 0.308

Disturbance on driver’s pace 0.364 0.476 0.476

Physical pain 0.542 0.45 0.263

Path understanding and search 0.381 0.55 0.486

In-vehicle environment 0.681 0.634 0.512

Control operation 0.378 0.524 0.579

Driving posture 0.774 0.653 0.69

7 Discussion

We investigated the contributions of features or sensors to classification, and
then describe the effectiveness of two types of segmentation.

7.1 Contribution of Each Sensor

We analyze which sensors were effective for classification and reveal that the
importance of features depended on road types. We focus on the results of the
model with two types of segmentation and compare important sensors to classify
confidence in driving skill between different road types. This item was predicted
accurately in both road types. We regard the mean decrease in the impurity
of random forest for each feature as the feature importance to the prediction.
Then, they summed up to calculate the importance of each sensor. Table 8 shows
the five most important sensors for the arterial roads and the intersections. The
arterial roads and the intersections have common effective sensors, EPS torque
and yaw rate. Sensors for acceleration are important for arterial roads, while
sensors for speed are important for intersections. We confirm that important
sensors depended on road types also in other items. These differences occurred
due to the difference in driving behavior among road types. Thus, it is assumed
that the classification models with road type segmentation can capture this
difference and improve accuracy.
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Table 8. The five most important sensors for classification.

Arterial roads Intersection

1 EPS torque EPS torque

2 Yaw rate Yaw rate

3 Forward acceleration Forward left wheel speed

4 Lateral acceleration Forward right wheel speed

5 Estimated acceleration Speed

7.2 Contribution of the Segmentation

To verify the efficacy of various duration segmentation, We analyze which dura-
tion of segments worked well for classification. As in the previous subsection, we
focus on the results of confidence in driving skill of the model with two types
of segmentation. Feature importance is calculated in the same way as in the
previous subsection and summed up the importance for each segment duration.
Table 9 shows relative proportions of feature importance for each segment dura-
tion. We compare the feature importance with normalization by the number of
segments or without normalization because the number of segments is different
depending on the duration of segments.

Without normalization, the proportions of features of 3 s and 5 s were larger
than that of other segment duration. With normalization, proportions of short
duration segments became small, while proportions of long duration segments
became large. This tendency was also seen in other items. This result indicates
that short-duration driving behaviors have a lot of contributions for estimating
drivers’ psychological characteristics, but important features are only a part of
them. This result demonstrates that important driving behaviors appear not
in whole driving but in partial driving. Additionally, many features of short-
duration segments are too localized and are not robust due to sensor noise.

Table 9. Relative proportion of importance of each segment duration.

Duration of segment Unnormalized Normalized

All 0.3% 11.0%

60 s 2.3% 12.9%

30 s 5.2% 14.7%

15 s 9.7% 15.2%

10 s 16.0% 17.1%

5 s 25.5% 14.5%

3 s 41.0% 14.6%
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8 Conclusion

In this paper, we addressed a challenging task, estimating the psychological
characteristics of drivers from on-road driving data. We presented a model for
estimation and it could estimate with high accuracy. In particular, confidence
in driving skill, impatience in driving, and anxiety about traffic accidents were
accurately classified with F1 scores of 0.831, 0.825, and 0.848, respectively. In
addition to this estimation, we revealed that important sensors depended on
road types and that important driving behaviors had various duration. This
study gives a baseline of estimation of psychological characteristics from driving
data and benefit analysis.
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