
奈良先端科学技術⼤学院⼤学 学術リポジトリ 
 

Nara Institute of Science and Technology Academic Repository: naistar 

Title 
Random Forest Based Bus Operation States Classification Using 

Vehicle Sensor Data 

Author(s) 

Takuya Yonezawa ; Ismail Arai ; Toyokazu Akiyama ; Kazutoshi 

Fujikawa 

Citation 
2018 IEEE International Conference on Pervasive Computing and 

Communications Workshops (PerCom Workshops), Athens, Greece 

Issue Date 08 October 2018 

Resource Version author 

Rights 

© 2018 IEEE. Personal use of this material is permitted. Permission from 

IEEE must be obtained for all other uses, in any current or future media, 

including reprinting/republishing this material for advertising or 

promotional purposes, creating new collective works, for resale or 

redistribution to servers or lists, or reuse of any copyrighted component 

of this work in other works.

DOI 10.1109/PERCOMW.2018.8480291 

URL http://hdl.handle.net/10061/14032 



Random Forest Based Bus Operation States
Classification Using Vehicle Sensor Data

Takuya Yonezawa∗, Ismail Arai∗, Toyokazu Akiyama† and Kazutoshi Fujikawa∗
∗ Graduate school of Information Science, Nara Institute of Science and Technology, Japan

†Faculty of Computer Science and Engineering, Kyoto Sangyo University, Japan
Email: yonezawa.takuya.yq2@is.naist.jp, ismail@itc.naist.jp, akiyama@cc.kyoto-su.ac.jp, fujikawa@itc.naist.jp

Abstract—In bus companies, it is important for an operation
manager to grasp operation states of vehicles from a viewpoint
of safety management and improving an operation efficiency.
Currently, for allowing operation managers to grasp operation
states of vehicles, drivers should record operation states by man-
ually operating a recorder called ”Digital-tachograph.” However,
operating the digital tachograph is a heavy burden to the driver.
In addition, the records may have driver’s human error. In
order to solve these problems and to realize efficient operation,
we propose a method for automatic classification of operation
states using sensor data obtained from buses. We implemented a
classifier using Random Forest with the sensor data. As a results
of experiments, the correct answer rate was 0.92 or more in each
condition unless it was irregular operation.

I. INTRODUCTION

In 2016, The domestic worst bus accident in the past 20
years occurred on 15th January 2017 in Nagano prefecture,
Japan. The tourist bus fall to the side of the road, then 14
people died[1]. The following two points are cited as causes
of this accident.

• Degradation of labor environment due to the lack of
personnel

• Lack of management of operation managers
About the first one, Nihon Bus Association reported that

the number of companies hiring drivers aged 60 and older
was 648, and that one or more of the six drivers were elderly
drivers[2]. The Ministry of Land, Infrastructure, Transport and
Tourism Japan (MLIT Japan) has reported that the number
of bus companies has increased from 3308 in 2000 to 6725
in 2015 with the effect of the deregulation[3]. The aging of
drivers is progressing due to the shortage of workers and the
increase in the number of bus companies. Furthermore, it is
pointed out that deterioration of the working conditions such
as an increase in total travel distance per person has been a
cause of such accidents.

Regarding the second one, the MLIT Japan reported to the
bus company that there was a record in violation of the law,
such as continuous driving time as a result of auditing. The
reason for this is a decrease in profit due to an increase in the
number of bus companies and a lack of know-how to efficient
management of drivers. Each bus company has an employee of
a position called ”operation manager.” The operation manager
has the role of setting bus routes and instructing safe driving
to drivers. However, due to the reduction in staffing due to

intensified market competition, the burden of management
for operation managers is increasing. New bus companies
and small bus companies are lacking knowledge of operation
management, and many bus companies not respecting laws
and ordinances cause insufficient operation management. In
response to terrible accidents, the revision of the transporta-
tion regulations was implemented, and the responsibility of
the operation manager was greatly strengthened. Also, it is
considered that the responsibility of the operation manager
will continue to increase.

According to the above background, it can be said that in
bus companies, it is important for the operation manager to
accurately and in real time grasp operation states of the vehicle
such as ”In service,” ”Out of service” from the viewpoint
of safety management and efficient operation. Moreover, by
grasping operation states in real time, it is considered that
management of the vehicle from the operation manager side
and recognition of the location of the bottleneck which causes
delay will be possible.

In the past, analog tachographs which plot vehicle speed
and total traveling distance on the recording paper were used.
However, few companies used it aggressively because of
its few kinds of information, difficulty in cooperation with
computer system, and so on. In recent years, the concept of IoT
has become widespread, and various sensors (e.g. acceleration,
angular acceleration, temperature, humidity etc...) can be used
in real time in digital tachograph. In the freight transportation
business and the passenger transportation business, operation
management using a digital tachograph is widely performed
from the viewpoint of the convenience of the obtained data.
Currently, for allowing the operation manager to grasp oper-
ation states of vehicles, drivers manually operate the terminal
of digital tachograph and record operation states. However,
burdens of terminal operations during driving and its human
errors are major problems. In this research, from the viewpoint
of versatility, it aims at automatic classification of operation
states using minimum sensor data (GPS, vehicle information)
and features calculable from them. A Model of service realized
by this research is shown in Fig. 1. Above problems are solved
by the operation states automatic classification system in Fig.
1.

In order to classify eleven operation states such as ”In
service” and ”Out of service,” we classified operation states
of vehicles using machine learning. Using the actual operation
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Fig. 1. Model of service realized by this research

data, we implemented and evaluated operation state classifica-
tion model using Random Forest. There are two classification
models (Same route classification model, Multiple classifica-
tion model) to be evaluated.

Evaluation was carried out using the 3-days data set of 2
routes. The best correct answer rate was 0.949. And the worst
correct answer rate was 0.819 despite of the result included
irregular operation. Incidentally, the worst correct answer rate
in regular operation was 0.922.

II. ISSUES OF THE CONVENTIONAL SYSTEM

Digital tachograph is able to record new data (e.g. GPS
information, total mileage, 3 axis gyro, temperature etc...)
in addition to the data recorded by the conventional ana-
log tachograph (e.g. timestamp, vehicle speed and engine
speed)[4]. Furthermore, various manufactures have indepen-
dently developed original features (e.g. drowsiness detection,
alcohol checker, tire air pressure sensor, temperature sensor
etc...) to realize safe driving and to grasp vehicle maintenance
information. Such above digital tachograph system allows
operation managers to do followings.

• Acceleration of operation states analysis and improve-
ment of accuracy

• Monitoring speeding violation
• Monitoring whether drivers take enough length of inter-

mission
• Review of bus timetable
• Driving instruction using travel record
Advantages for executives are as follows.
• Material of management decision
• Remove the operation delay
• Improve fuel consumption
• Improve driver’s compliance
However, since conventional systems are based on manual

operation of drivers, following issues occur.
• Burden of driver’s operation

Current digital tachograph systems require drivers to
manually operate an onboard terminal. It is a heavy
burden to drivers.

• Recording erroneous operation state

TABLE I
STATE TO BE CLASSIFIED

State Definition

Maintenance inspection work before dispatching
Washing car washing and cleaning the bus
Dispatching moving towards the first bus stop
Waiting waiting at the first bus stop
In service bus is in service
Taking a break taking less than 4 hours break
Out of service moving to the garage after the bus finishes service
Refueling refueling at a gas station
At garage parking at the garage

Fig. 2. Flow of bus operations

TABLE II
SUBDIVISION OF THE ”IN SERVICE” STATE

State Subdivision

In service Stopping at bus stops
Arriving or departing at bus stops
Running

In a current digital tachograph, the current operation
state is selected and recorded by operating keys on the
onboard terminal. However, due to incorrect operation of
the terminal and misoperation of the onboard terminal,
erroneous operation states are recorded.

• Lack of knowledge on data analysis
As the shortage of the working population in recent bus
companies, there is a shortage of personnel who analyze
operation data and contribute to improving operation
efficiency.

Table I shows nine operation states classified in this re-
search. These operation states are recorded by the Minato
Tourist Bus Corporation in Hyogo Prefecture in the actual
work. Also, the flow of the bus operations is shown in Fig. 2.
In the passenger transportation business, there are companies
that voluntarily record operation states like Table I, and there
is a possibility that recording similar operation data will be
presciribed by law in the future. These operation states are
recorded by existing digital tachographs. The ”In service” state
in Table I is further classified into three: stop at the bus stop,
arriving or departing near the bus stop, running. Table II shows
the subdivision of the ”In service” state. In particular, with
regard to the three states, it is heavy burden because it must
manipulate the terminal of the digital tachograph in addition



TABLE III
SENSOR DATA OBTAINED FROM BUSES

Sensor data

GPS (Latitude, Longitude, Altitude)
Vehicle speed
Engine speed
Total travel distance (ODO)
Engine pulse
Direction
Atmospheric pressure
Temperature
Humidity
Amount of refueled fuel

to instrument operation in the bus. When using a digital
tachograph, recording these states were too much difficult from
the viewpoint of heavy burden of manipulation by the driver.
However, in this research, we attempt classification to grasp
operation states in more detail. Three states in ”In service”
can not be recorded with conventional digital tachographs, but
these records are most requested by operation managers and
bus companies. Thus, in this research, we try to classify 11
states as shown in Table I and Table II.

III. PROPOSED METHOD

A. Obtained sensor data and newly defined features

In this research, we will perform automatic classification of
bus operation states by using sensor data obtained from buses
traveling in Kobe City, Hyogo, Japan. Various sensor data can
be obtained from digital tachograph which is independently
developed in collaborative research with Minato Tourist Bus
Corporation. Table III shows the types of sensor data obtained
from buses. Though all the data are listed up in Table III, we
choose a part of data (GPS, Vehicle speed, Engine speed, Total
travel distance and Engine pulse) which seem to be efficient
for the automatic classification.

In this research, in order to improve the correct answer rate
of classification, five features newly defined in addition to the
raw sensor data as shown in Table IV. These new features
can be computed only from sensor data and geographic
information on routes. The details of the new features are as
follows. Table IV shows the features used to construct the
classification model.

• A speed change per second
When the bus stops or departs, the vehicle speed changes.
By defining this feature we can grasp the behavior of the
vehicle in more detail and improve the correct answer
rate of the three states in ”In service.”

• Linear distance to a nearest bus stop
By calculating and defining this feature, it can be con-
sidered that ”Stopping at bus stop” and ”Arriving or
departing at bus stop” can be classified accurately.

• Linear distance to the garage
The three operation states ”Waiting,” ”Maintenance” and
”Refueling” are similar because the vehicle is stopped.

TABLE IV
FEATURES USED FOR CONSTRUCTION OF CLASSIFICATION MODEL

Feature Data resources

Latitude raw sensor data
Longitude raw sensor data
Altitude raw sensor data
Vehicle speed raw sensor data
Engine speed raw sensor data
Total travel distance (ODO) raw sensor data
Engine pulse raw sensor data
A speed change per second Vehicle speed
Linear distance to a nearest bus stop Latitude, Longitude
Linear distance to the garage Latitude, Longitude
Linear distance to the car wash place Latitude, Longitude
Garage flag Latitude, Longitude

We will differentiate these three operation states by
defining this feature.

• Linear distance to the car wash place
”Maintenance” and ”Washing car” are both carried out in
the garage and are similar. If it is close to the car wash
place, it can be classified as ”Washing Car,” if it is far,
it can be classified as ”Maintenance.”

• Garage flag
By defining this feature, it is considered that ”Maite-
nance,” ”Washing car,” ”At garage” can be distinguished.
In this way, it is possible to realize accurate extraction of
the operation states in the garage.

B. State classification method

In order to classify operation states shown in Table I and
Table II, we perform multi-class classification using supervised
learning. As a result of surveying and discussing about multi-
class classification methods as follows, we finally propose to
utilize Random forest.

Below, discussion of HMM (Hidden Markov Model), Rule-
based method (IF-THEN), Decision tree, Random forest, SVM
will be conducted. A summary of classification method is
shown in Table V.

• HMM
The operation of the bus is carried out by state transition
as shown in Fig. 2. From this viewpoint, modeling using
HMM is considered to be useful as an operation state
classification method. In order to apply HMM to opera-
tion state classification, it is necessary to clearly define
and model state transitions. However, modeling state
transitions requires certain operational knowledge, and it
is necessary to process data to construct models. This
process is considered to be difficult for bus companies
that newly entered after deregulation. In addition, if state
transitions that do not exist in the model occur, it may
happen that the operation status can not be correctly
classified.

• Rule-based method (IF-THEN)



TABLE V
COMPARISON OF CLASSIFICATION METHODS

HMM If-Then CART RF SVM

Calculation time ◯ ◯ ○ ○ ×

Noise tolerance ◯ ◯ × ○ ○

Data missing tolerance × × ○ ○ ○

Stability of classification ◯ ○ ◯ ○ ○

In the rule-based method, multiple IF-THEN format
rules are used for classification. However, the rule-based
approach has the disadvantage that it can not handle
states that do not match the rules. Furthermore, in order
to perform state classification, it is difficult to rule all
patterns of features and there is a problem that flexibility
can not be dealt with addition or deletion of a vehicle
state.

• Decision tree (CART)
One of the features of the decision tree is that the high-
dimensional discrimination can be easily and visually
confirmed. Besides, the problem of the decision tree is
that the variance of the discrimination result is large, and
the structure of the tree and the discrimination rule change
drastically only with a slight change in the data.

• Random forest
Random forest is a multi-class classification method using
multiple decision trees. It works efficiently for including
missing values or large data sets. In addition, there is an
advantage that it operates stably even if the number of
features increases[5].

• SVM (Support Vector Machine)
SVM has a high generalization ability, and it is a
method less likely to cause over learning even when
using learning data having a large dimension. However,
when the number of individual classifiers is large, there
is a problem that calculation time for prediction and
classification increases[6].

The operation state is made by state transition, and although
HMM is considered to be appropriate, there is a possibility
that an erroneous transition may occur due to occurrence of
noise. From the viewpoint of stability and low calculation cost
of classification of classification model, we propose to adopt
Random forest.

IV. EXPERIMENTS AND DISCUSSIONS

In this research, we evaluated the same route classification
model and multiple route classification model. The sensor data
used in this research was obtained from route buses traveling
in Kobe City, Hyogo, Japan every one second. 3G/LTE net-
work is used for transmitting sensor data, and the network
state becomes unstable in environments such as tunnels and
underpasses. Transmission of sensor data using TCP in such
a case is repeated retransmission processing, which leads to
compression of network bandwidth. Also, when the network
becomes unstable for a long time, it can be said that it is
useless because retransmitted data does not arrive. From these

Fig. 3. Bus-route (S-route)

Fig. 4. Bus-route（D-route)

points of view, the sensor data is transmitted from buses to
the server using UDP. Since UDP places importance on high
speed and does not perform packet retransmission processing,
data is lost in places where the network is unstable. Also, even
if TCP is used, retransmission fails, so UDP is more better.
Even if data transmission fails, the correct data is recorded in
the local memory, so it can be retrieved.

These sensor data are obtained from vehicles traveling on
two routes as shown in Fig. 3. and Fig. 4. The route in Fig. 3
and the route in Fig. 4 are defined as ”S-route” and ”D-route”
respectively. The number of the bus stops on each route are
22 for S-route and 19 for D-route.

The data set used for the evaluation consist of six operations
in total for three days of two buses traveling on S-route and
D-route. Correct answer labels in the data set were created by
the author based on driver’s work report, driving time table
and sensor data. Table VI and Table VII outline the data set
used in classification of each route.

As a summary, the classification result by the same route
classification model and the classification result by the mul-
tiple route classification model are shown in Table VIII. The
classification result of D-route in ”Same route classification
model” and the classification results of S-route and D-route in
”Multiple route classification model” are shown in Table IX,



TABLE VI
DATA SET USED FOR CLASSIFICATION OF S-ROUTE

Time Records Missing records

1st day 06:28:00～21:33:00 54172 20

2nd day 05:55:00～21:35:00 56314 34

3rd day 05:50:00～21:27:00 56063 33

TABLE VII
DATA SET USED FOR CLASSIFICATION OF D-ROUTE

Time Records Missing records

1st day 05:26:00～21:59:00 58371 1094

2nd day 05:34:00～22:19:00 58146 2047

3rd day 05:34:00～22:04:00 57592 1308

TABLE VIII
ALL CLASSIFICATION RESULTS

Training data
S-route D-route S,D-route

S-route 0.916 0.782 0.927

D-route 0.782 0.890 0.883

S,D-route - - 0.905

the classification result of D-route in ”Same route classification
model,” the classification results of S-route and D-route in
”Multiple route classification model” are described.

”Records” in the Table IX indicates the total number of
records in the state, ”Rate” indicates the correct answer rate.
Besides, ”correct answer rate” is calculated by the following
formula;

number of correct answers/total number of records

A. Same route classification model

In the classification performance evaluation on the same
route, the model was implemented using the data set of the
first day of the D-route as the training data. In addition, the
performance evaluation of the classification model was carried
out using the D-route data set on the 2nd and 3rd days as test
data. ”Same route result (D-route)” in Table IX shows the
classification result of D-route classification model.

Focusing on the correct answer rates on the 2nd and 3rd
days in the table, we can see that there is a big difference
between 0.819 on the 2nd day and 0.949 on 3rd day. The
reason for this is that D-route’s 3rd day flow of operation was
irregular. The flow of the operation on the 3rd day of the D-
route was dispatching, service for a certain period of time,
returned to garage, dispatching, service for a certain period of
time, and returned to garage. This flow was different from the
regular operation flow shown in Fig. 2.

Also, paying attention to ”Dispatching,” the correct answer
rate on the 2nd day is 0.985, while the correct answer rate
on the 3rd day is 0.416, these correct answer rates are
greatly different. The reason for this is that the features that

are major factors in discrimination of ”Dispatching” during
normal operation are ”Total travel distance” and ”Engine
pulse.” Since the transition to ”dispatching” during normal
operation only transits once after ”Maintenance,” classification
is possible with the above features. However, on 3rd day, since
the transition to the ”Dispatching” state occurs twice, it is
considered that it could not be classified by the classifier using
the regular operation data set. Unless such irregular operation
is carried out, it can be seen that the same route classification
model achieves high correct answer rate.

In Table IX, it can be seen that the two states of ”Washing
car” and ”Waiting” show low correct answer rate. ”Washing
car” is done in the garage. ”Maintenance” is also done in the
same garage, and the correct answer rate is 1 on both the 2nd
and 3rd days. Most records of ”Washing car” are misclassified
as ”Maintenance.” The cause of this misclassification is that
the two operation states are very similar and the classification
of these two operation states depends on the GPS information.

B. Multiple route classification model

In the classification performance evaluation of multiple
routes, the model was implemented using the data set of the
first day of S-route and D-route as training data. In addition,
the performance data of the classification model was evaluated
using test data of S-route and D-route data set on the 2nd
and 3rd days. ”Multiple route result” in Table IX show the
classification result of multiple route classification model.

Focusing on Table IX, it shows that the correct answer rate
of ”Waiting” is very low as compared with others as well as the
result of the same route classification model. The reason for
this is attributable to the fact that ”Waiting” was misclassified
as either ”In service-Stopping bus stops” or ”Taking a break”
as described in Section IV-A.

”Maintenance” and ”Washing car” show that there is un-
evenness in the correct answer rate, and the overall correct
answer rate is not stable. Both operation states are done in
the garage, and no clear classification standard exists. If the
correct answer rate of either state is high, the correct answer
rate of the other state tends to be low.

Five operation states of ”Dispatching,” ”In service,” ”Taking
a break,” ”Out of service,” and ”Refueling” are high correct
answer rate except D-route’s 3rd day which was irregular
operation.

Moreover, the overall correct answer rate during regular
operation is about the same as the correct answer rate shown
in ”Same route result” in Table IX, and it is about 0.92 at the
lowest. From the above, it can be said that the multiple route
classification model shows versatility.

V. CONCLUSION

In recent years, digital tachographs are widely used as a
travel management method in the passenger transportation
business, but the burden of terminal operation for drivers is
a big problem. Besides, the burden on operation managers
due to shortage of personnel has also increased. In this paper,
from above background, we evaluated a random forest based



TABLE IX
ALL CLASIFICATION RESULTS

Same route result (D-route) Multiple route result (S-route) Multiple route result (D-route)
2nd day 3rd day 2nd day 3rd day 2nd day 3rd day

Records Rate Records Rate Records Rate Records Rate Records Rate Records Rate

Maintenance 168 1 123 1 2496 0.400 2223 0.026 168 1 123 0.976

Washing car 1996 0 1788 0 485 0.188 659 1 1996 0 1788 0.071

Dispatching 1475 0.985 3481 0.416 976 0.981 1221 0.947 1475 0.994 3481 0.418

Waiting 123 0 1265 0.041 1535 0.111 1345 0.604 123 0 1265 0.070

In service
- Stopping bus stops 1847 0.945 2267 0.948 5037 0.945 3991 0.944 1847 0.956 2267 0.956
- Arriving or departing 3627 0.939 3209 0.857 3939 0.906 3884 0.917 3627 0.937 3209 0.863
- Running 27023 0.989 25141 0.916 37249 0.988 38740 0.989 27023 0.988 25141 0.909

Taking a break 19474 0.999 16619 0.929 3409 0.999 3034 0.997 19474 1 16619 0.932

Out of service 1329 0.985 2987 0.609 872 0.994 673 0.987 1329 0.992 2987 0.721

Refueling 104 1 117 1 67 1 99 1 104 1 117 1

At garage 980 0.845 595 0.420 249 0.968 194 0.974 980 0.337 595 0.237

Total 58146 0.949 57592 0.819 56314 0.922 56063 0.932 58146 0.941 57592 0.824

operation states automatic classification model using the data
obtained from onboard sensors. In the constructed classifi-
cation models, features with high importance were ”Engine
speed”, ”Linear distance to a nearest bus stop” and ”Latitude.”

In the same route classification model described in Section
IV-A, the correct answer rate showed a high value of 0.92
or more in the case of regular operation. Even with irregular
operation, the correct answer rate was about 0.81. However,
paying attention to each operation state, the operation states
of ”Maintenance,” ”Washing car” and ”Waiting” show a very
low correct answer rate. On the other hand, the operation states
such as ”In Service,” ”Taking a break,” ”Out of service” and
”Refueling” show high correct answer rate in both the same
route classification model and multiple route classification
model.

In the multiple route classification model, training data of
two routes were integrated and evaluated. The tendency of
the correct answer rate is very similar to the same route
classification model, and no significant difference was found in
the overall correct answer rate. From the above, it is considered
that the multiple route classification model is superior to
the single route classification model from the viewpoint of
versatility.

Although the correct answer rate of some operation states
were low, the classification model is considered to be useful
considering with the heavy burden of terminal operation in ”In
Service.”

In order to raise the correct answer rate, it is conceivable
to confirm the validity of operation states transition by a
simple Rule-based method for classification results. In order to
improve classification accuracy and versatility, it is necessary
to consider CNN (Convolutional Neural Network) and LSTM
(Long Short-Term Memory) as another classification method.
In addition, it is necessary to verify what kind of change will
occur in correct answer rate by increasing training data used

for model generation, and to verify the smoothing of sensor
data by sliding window and state transition filter.

To verify the usefulness of the method proposed in this
paper, we will compare the labels that the driver manually
entered from a digital tachograph with labels output by the
proposed classification models. Specifically, we plan to acquire
operation data for three routes every 2 Hz and increase
the type of sensor data (e.g. direction, atmospheric pressure,
temperature etc...). Compared to operation states manually
recorded by drivers, if the correct answer rate is higher in
the operation states output by the classification model, the
usefulness can be proved. In addition, in this research, correct
answer labels were created manually from driver’s work report,
driving time table and sensor data. In the future, we will use
camera images of buses to create more accurate labels and
verify the usefulness of this research.
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