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Abstract—1In order to reduce traffic accidents between a
vehicle and a pedestrian, recognition of a pedestrian who has a
possibility of collision with a vehicle should be helpful. However,
since a pedestrian may suddenly change his/her direction and
cross the road, it is difficult to predict his/her behavior directly.
Here, we focus on the fact that experienced drivers usually
pass by a pedestrian while preparing to step on the brake at
any moment when they feel danger. If driver assistant systems
can estimate such experienced driver’s decisions, they could
early detect the pedestrian in danger of collision. Therefore,
we classify the driver’s decisions into three types by referring
to the accelerator operation of drivers, and propose a method
to estimate the type of the driver’s decision. The drivers are
considered to decide their actions focusing on various behaviors
and states of a pedestrian, namely pedestrian’s attributes. Since
the driver’s decisions change along the timeline, the use of a
temporal context is considered to be effective. Thus, in this
paper, we propose an estimation method using a recurrent
neural network architecture with the pedestrian’s attributes
as input. We constructed a dataset collected by experienced
drivers in control of the vehicle and evaluated the performance,
and then confirmed the effectiveness of the use of pedestrian’s
attributes.

I. INTRODUCTION

Pedestrian’s safety on the road is one of the most important
issues since traffic accidents injure many pedestrians every
year. To prevent traffic accidents with pedestrians, it is
important to find pedestrians in danger of collision with a
vehicle. Research has been widely conducted on pedestrian
detection [1] by in-vehicle camera [2] and 3D LiDAR (Light
Detection and Ranging) [3]. On the other hand, there are still
few studies to predict the behavior of a pedestrian.

For safety in a driving situation, drivers decide their ac-
tions focusing on various behaviors and states of a pedestrian.
These behaviors and states are important for the predic-
tion of the behavior of a pedestrian. Thus, in this paper,
we consider the behaviors and states of a pedestrian as
his/her attribute. Actually, many researchers have worked
on pedestrian attribute recognition [4], [5]. Some of them
focused on the recognition of a pedestrian’s body orientation
to predict his/her moving direction [6], [7]. Meanwhile, some
of them focused on the recognition of risky behaviors by a
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pedestrian [10] to estimate the risk of accidents. Some other
researchers focused on the early detection of a pedestrian
crossing the road [11]. They attempted to predict the road
crossing by detecting the beginning of crossing as early as
possible.

Including these works, pedestrians crossing the road are
usually recognized as dangerous and the others are recog-
nized as not dangerous. However, a pedestrian may suddenly
change his/her direction and cross the road. Thus, pedestrians
walking on the road side are also not always safe, and it is
difficult for the existing works to accurately predict the risk
of a pedestrian stepping into the road.

One method to improve driving technique is to imitate
the driving of an experienced driver. Likewise, if a system
can estimate the driving of an experienced driver, it would
be helpful for the assistance of safety driving. When an
experienced driver encounters a pedestrian, he/she can take
appropriate actions by predicting the pedestrian’s behaviors.
If passing by a pedestrian cannot be judged as safe, the
driver will approach the pedestrian while preparing to step
on the brake at any moment. Meanwhile, once passing by the
pedestrian is judged as safe, he/she will pass by increasing
the speed.

Since an experienced driver decides appropriate driving
operations by predicting pedestrian’s behaviors, the esti-
mation of the driver’s decisions would be helpful for the
prediction of pedestrian’s behaviors. More specifically, if a
system can estimate the driver’s decision of stepping on the
accelerator pedal or not, it could predict the risk of collision
with the pedestrian. Therefore, it is important to estimate
such experienced driver’s decisions. On the other hand, the
estimation of the vehicle speed would not be helpful for the
prediction since the vehicle speed does not always represent
the driver’s decisions. For example, in the case of keeping
the vehicle speed, there are two kinds of driver actions; a
case that the driver keeps the speed by softly stepping on
the accelerator pedal, and a case that he/she keeps the speed
by releasing the accelerator pedal while preparing to step on
the brake pedal. There is a difference between the two cases
regarding the driver’s decision.

In this paper, we propose a method to estimate a driver’s
decision in the case of passing by a pedestrian based on
the pedestrian’s attributes. We approach this problem by
referring to the information on the accelerator operation of
experienced drivers, namely,

o Stepping on the accelerator pedal.

« Releasing the accelerator pedal (and preparing to step
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Fig. 1. Outline of estimation of driver’s insight.

on the brake pedal).
« Restepping on the accelerator pedal after releasing.

By estimating these three types, we can estimate whether the
driver has judged the pedestrian to be dangerous or not. In
this paper, these three types of driver’s decisions are called as
“driver’s insight”. The outline of this approach is illustrated
in Fig. 1.
Our contributions are summarized as follows:
« By extending our previous work [17], we estimate the
driver’s insight in the case of passing by a pedestrian.
o We propose a method to estimate the driver’s insight
based on pedestrian’s attributes.
« We show the effectiveness of considering the pedes-
trian’s attributes in the estimation of the driver’s insight.

II. RELATED WORK

Many researchers have studied on various recognition
methods for pedestrian’s attributes from a camera image. The
body orientation is one of the most important factors to pre-
dict their advancing direction. Accordingly, many researchers
have reported on orientation recognition of a pedestrian [7],
[8]. A method for estimating orientation by aggregating es-
timated orientations from various body parts of a pedestrian
has been proposed [6]. In order to improve the recognition
accuracy, a method utilizing the similarity between the head
and the body orientations has been proposed [9]. In addition,
the risky behavior on the road is considered as an important
factor, such as the use of mobile devices while walking on the
road. Since the use of such devices while walking, namely,
Texting-while-Walking, is an issue gaining global attention in
recent years, a method for recognizing whether a pedestrian
is using a smartphone or not has been proposed [10].

There are also researches on the prediction of pedestrian’s
behaviors. Kohler et al. have proposed an early detection

method of road crossing [11]. They combined an edge-
based feature and a machine learning method to detect the
movements at the beginning of a road crossing. They have
reported that their method could detect the movements within
340ms with an accuracy of 99%. Keller and Gavrila have
presented a comparison of four approaches for pedestrian
path prediction and action classification that differ in the
dynamics modeling and the visual features [12]. They have
reported that all approaches yielded similar performances
in terms of pedestrian path prediction, but the approaches
with non-linear models and motion features predicted the
position more accurately in a scene where a pedestrian
stopped at a curbstone. Chan et al. have proposed a method to
anticipate traffic accidents from Dashcam videos [13]. Their
method predicts accidents by Recurrent Neural Network with
a spatial attention [14] to object regions extracted for each
frame. They have reported that their method can predict an
accident 1.86 seconds before it occurs with 80% recall and
56% precision.

There are also researches on the prediction of driving
actions. Shimosaka et al. have proposed a method to predict
the driving actions on a straight road including intersections
without a signal [15]. Their method generates a potential
map based on the position of the own vehicle, the position
of intersections, and the legal speed limit, and then estimates
the next driving actions from increasing speed, decreasing
speed, and keeping speed. Although their method estimates
the driver’s decision, it does not consider pedestrians.

III. DEFINITION OF DRIVER’S INSIGHT

By carefully observing experienced drivers’ driving, we
have noticed that their decisions can be classified into three
types when passing by a pedestrian; When a pedestrian is
in a distance, the drivers drive as usual. When the vehicle
approaches a pedestrian, the drivers begin to pay attention to
the pedestrian from a certain distance. If the drivers perceive
danger of collision, they will keep their attention to the
pedestrian, and prepare to step on the brake at any moment
to stop the vehicle immediately. If the drivers judge that no
collision will occur, they will pass by the pedestrian stepping
on the accelerator.

Therefore, we define the following three types of driver’s
decisions:

1) Usual. A driver drives as usual without focusing on the

pedestrian because he/she is in the distance.

2) Brake preparation. A driver releases the accelerator and
prepares to step on the brake at any moment since
he/she feels a danger.

3) Safety judgment. A driver steps on the accelerator
under judgment that he/she can safely pass by the
pedestrian.

As mentioned previously, we call these three types of driver’s
decisions as “driver’s insight”.
A. Automatic Annotation using Driving Data

We determine the driver’s insight frame-by-frame by
choosing one of the three types mentioned above based on
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the information on the accelerator operation. However, the
information on the accelerator operation is unknown when
estimating the driver’s insight.

The period while releasing the accelerator pedal is an-
notated as Brake preparation. Before Brake preparation, if
a driver steps on the accelerator pedal, he/she would ig-
nore a pedestrian. Thus, this period is annotated as Usual.
After Brake preparation, the period while stepping on the
accelerator pedal is annotated as Safety judgment. In the
case that the driver keeps stepping on the accelerator pedal
from the beginning to the end of passing by a pedestrian, it
is annotated as Safety judgment from the beginning, since
safety judgment may occur at a moment when finding a
pedestrian.

These types of insight can be discriminated by the accel-
erator’s opening rate. When the accelerator’s opening rate
is zero, the driver is releasing the accelerator pedal. Thus,
Usual is the period while the accelerator’s opening rate is
greater than zero until it becomes zero. Brake preparation
is the period while the accelerator opening rate is zero, and
Safety judgment is the period after it becomes greater than
zero after Brake preparation.

B. Examples of Driver’s Insight

We show an example of transitions of the types of the
driver’s insight in Fig. 2. The upper images are in-vehicle
camera images, and the center graph shows the transitions of
the vehicle speed and the amount of acceleration. The bottom
bar indicates the driver’s insight corresponding to the center
graph. This example is a scene where the vehicle passes by
a pedestrian on the left side of the road. Here, T} represents
the timing of releasing the accelerator pedal, which is the
turning point from Usual to Brake preparation. T, represents
the timing of re-acceleration, which is the turning point from
Brake preparation to Safety judgment.

We show another example in Fig. 3. This example is a
scene where the vehicle passes by a pedestrian on the right
side. In this example, the driver continues to step on the
accelerator pedal from the beginning to the end of the scene.
In this scene, the driver may have judged that a collision will
not occur at a moment when finding a pedestrian since he/she
keeps an enough distance from the course of the vehicle.
Hence the driver’s insight was Safety judgment throughout
this scene.

IV. ESTIMATION OF THE TYPE OF DRIVER’S INSIGHT

We assume that the type of a driver’s insight when passing
by a pedestrian is determined according to the combination
of the own vehicle’s state and the pedestrian’s attributes.
As mentioned above, we regard pedestrian’s behaviors and
states as the attributes. Although it is difficult to estimate
the driver’s insight, a simple approach is to determine from
the vehicle speed and the position of the pedestrian. Besides
this, the proposed method utilizes the body orientation of
the pedestrian as an attribute to estimate the driver’s insight.
According to our previous work, we have confirmed that the
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Fig. 3. Example of driving data and driver’s insight (2).

body orientation of a pedestrian is particularly important for
the estimation of a driver’s insight [17].

Therefore, we propose a method to estimate the type
of a driver’s insight based on the pedestrian’s attributes.
Our method classifies the driver’s insight into three types
mentioned in Section III from the attributes. We use the
pedestrian’s position and body orientation as the attributes.
Here, we assume that the pedestrian’s position and the body
orientation are obtained by existing recognition methods such
as those proposed in references [2], [3], and [9] introduced
in section II. In this paper, we assume that these recognition
methods are highly accurate.

For the estimation, we take a classification approach. Since
the driver’s insight changes along the time line, we employ
a neural network architecture based on Long Short-Term
Memory (LSTM) in order to consider temporal features. The
network model is shown in Fig. 4. This network architecture
consists of two fully-connected layers and an LSTM layer.
Leaky Rectified Linear Units (Leaky ReLU) [16] is used as
the activation function for the fully-connected layers, and a
softmax function is used for the output layer. The network
receives the vehicle speed and the pedestrian’s attributes, and
returns the probability for each type of insight. The details
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Fig. 4. Network model of the proposed estimation method.

TABLE I
NETWORK ARCHITECTURE.

Layer Units Activation Function
Input # of attributes

Fully-Connected 1 | # of attributes Leaky ReLU
LSTM 2 10

Fully-Connected 3 | 10 Leaky ReLU
Output # of classes (= 3) Softmax

of the network architecture is shown in Table I. Note that
the number of units are determined experimentally.

V. EXPERIMENT AND RESULTS

We conducted an experiment on the estimation of the type
of the driver’s insight in order to evaluate the effectiveness
of the proposed method.

A. Dataset

We collected driving data of experienced drivers in real
traffic scenes when passing by pedestrians. A special vehicle
as shown in Fig. 5 was used for the collection. The vehicle
was equipped with various sensors (Grasshopper®3 camera,
Velodyne LiDAR®) HDL-64E, and CAN (Controller Area
Network) signals). This vehicle was driven by experienced
drivers along a pre-planned path repeatedly for collecting
data in various situations. Here, the reason why the ex-
perienced drivers were selected is that an inexperienced
driver may sometimes misjudge the safety and the estimation
of such driver’s insight is not helpful for safety driving
assistance. The experienced drivers were three instructors of
a driving school. They were informed that their driving data
will be collected by various sensors, but were not informed
about the purpose of the experiment. In this manner we
collected in-vehicle camera images, 3D point cloud data
obtained from the LiDAR, the vehicle speeds and the amount
of acceleration obtained from the CAN signals. The data
were collected on sunny days and rainy days, and do not
include traffic congestions.

Fig. 5.

Vehicle for data collection.

We manually retrieved scenes that the vehicle passes
by a pedestrian after collecting the driving data, and then
performed two kinds of frame-by-frame annotations; the
driver’s insight and the pedestrian’s attributes. The driver’s
insight was determined from the amount of acceleration as
described in Section III-A. In this experiment, we manually
annotated the following attributes.

o Position (Relative position of a pedestrian from the
vehicle)
o Body orientation (Eight directions)

The relative position was calculated referring to 3D point
cloud data. Meanwhile, the pedestrian’s body orientation was
visually determined from the in-vehicle camera image.

The constructed dataset included 84 scenes of passing by a
pedestrian and consisted of a total of 4,837 frames annotated
with the driver’s insight and the pedestrian’s attributes. Here,
the dataset does not include scenes that the vehicle passes by
more than two pedestrians. In addition, the dataset includes
two types of road; a one-way street with a sidewalk and a
street having one lane in each direction without a center line.

B. Evaluation

We conducted an experiment on the estimation of the
driver’s insight by using the constructed dataset.

In order to evaluate the effectiveness of adding pedestrian’s
body orientation as its attribute, we evaluated the following
two methods:

o Input is the own vehicle speed and the pedestrian’s
position.

« Input is the own vehicle speed, the pedestrian’s position,
and the pedestrian’s body orientation

The evaluation was performed in a five-fold cross vali-
dation manner and the accuracy rate for the classification
was averaged. The accuracy rate for the classification was
calculated by comparing between the estimated insight and
the annotated insight frame-by-frame. Note that since the
number of frames differs for each scene, first the per-frame
accuracy rate was averaged for each scene, and then the
average of all scenes was calculated as an evaluation criteria.
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TABLE I
ESTIMATION ACCURACY.

Input Accuracy ‘
Basi thod:

as1Ac metho . N 56.8 %
Vehicle speed and pedestrian’s position
P sed method:

roPose metho . N . . 65.5 %
Vehicle speed, pedestrian’s position and body orientation

C. Results

The estimation accuracy is shown in Table II. The method
using the vehicle speed, the pedestrian’s position, and the
body orientation showed better performance. We consider
that our approach based on the pedestrian’s attributes is
effective for the estimation of the driver’s insight. In order
to improve the estimation accuracy, the use of pedestrian’s
attributes related to the driver’s insight is very important.

An example of experimental results is shown in Fig. 6.
Color bars indicate the types of the driver’s insight; the blue,
orange, and green bars indicate Usual, Brake preparation,
and Safety judgment, respectively. The upper bar (Correct)
indicates the correct type of the driver’s insight. The middle
bar (Baseline) indicates the estimation results by using the
vehicle speed and the pedestrian’s position, and the bottom
bar (Proposed) indicates the result by using the vehicle speed,
the pedestrian’s position and the body orientation.

Here, the proposed method using three attributes showed
a better performance. Focusing on the part of brake prepa-
ration, the method estimated the transition of the type of the
driver’s insight approximately five frames (= 0.25 seconds)
earlier than the correct timing. On the other hand, the
baseline estimation method without the pedestrian’s body
orientation showed a worse and unstable performance.

Another example of the experimental results is shown in
Fig. 7. Here, both methods could not estimate well. The
proposed method estimated the driver’s insight to be Safety
judgment in the early period since the pedestrian was facing
the vehicle side. However, the type of the driver’s insight
actually changed to Brake preparation slightly before passing
by the pedestrian. Therefore, the driver’s insight may have
been affected by a factor other than the body orientation of
the pedestrian; The driver may have decided to release the
accelerator pedal since the vehicle speed became too fast. We
need to consider other attributes to improve the estimation
accuracy in our future work.

In other cases of the misclassification, the driver’s in-
sight was affected by the pedestrian’s age. There was little
difference between the case of an adult and an elderly
pedestrian, but, there was a difference between the case
of a child and others. It seemed that the driver decided
to decrease the speed more largely since he/she paid more
attention to the child. Meanwhile, the driver’s insight was
also affected by a factor other than pedestrian’s attributes.
The road structure affected pedestrian’s behaviors and the
driver’s insight. For example, a pedestrian might cross the
road near an intersection. The driver releases the accelerator

pedal regardless of the pedestrian’s body orientation when
passing by such a pedestrian since he/she pays more attention
to the crossing.

VI. CONCLUSION

In this paper, we defined three types of driver’s insight,
and proposed a method to estimate them using a neural
network based on LSTM learned from actual driving data of
experienced drivers. Since the driver’s insights are strongly
affected by pedestrian’s attributes, we proposed an estimation
method based on them.

The performance of the proposed method is currently not
sufficiently good, so we need to improve it. We will need to
consider other attributes than those considered in this paper.
In addition, the amount of driving data is not sufficient for the
training of our network model. There are only a few scenes
in the dataset for a certain body orientation, and then the
estimation cannot be performed well. We plan to collect a
large amount of driving data, and analyze key factors for
estimating the driver’s insight. Future work also includes
estimation in the case of passing by multiple pedestrians.
In such a case, we need to first estimate a pedestrian whom
a driver is paying attention to.
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