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Abstract

In the literature it has been proven several times, that the common driving cycles are not accurate enough to estimate the fuel and
energy consumption data or emission data for vehicles, especially for public transport vehicles, such as buses. One can find driving
cycles for buses, but the special driving environment in Debrecen, Hungary cannot be accurately represented by them. As a part of a
project focusing on the determination of fuel and energy consumption of vehicles by dynamic simulation, a study has been carried out
for determining driving cycles, which are representative for Debrecen. In this paper the development of a driving cycle for city buses in
Debrecen is presented. Typical bus routes were selected in the town for the study, the vehicles were instrumented with an appropriate
data collecting system. These onboard units were used to collect data such as travelled distance, speed and acceleration on several
vehicles in the real-world traffic. We used special purpose software to pre-process and filter the collected data. After pre-processing a

statistical evaluation of the data was carried out. Using a version of the widely spread micro-trip method of driving cycle development,

a Bus Driving Cycle has been constructed for Debrecen.
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1 Introduction

In the literature one can find several different methods
for driving cycle development. Most of these methods are
based on statistical procedures applied on real-traffic data.
Depending on the statistical method, on the considered
characteristic parameters and on some other factors, dif-
ferent driving cycles can be developed for the same route
(Huertas et al., 2019). The question is which procedure
gives the optimal result regarding the representativeness
of the driving cycle. Furthermore, even the indicators used
to check the representativeness can be of different types.
It can be stated that the development procedure of the opti-
mal driving cycle depends, among others, on the purpose
of the driving cycle, and on the quantity and quality of
the data available. The goal of this paper is to develop a
representative driving cycle for city buses in Debrecen.
To find the most representative one, several driving cycles
were prepared using different clustering parameters and

different strategies of micro-trip selection and were com-
pared on the basis of different characterizing parameters.
The driving cycles are important for emission reduc-
tion (Torok and Zoldy, 2005; 2010). There are many papers
dealing with the development of driving cycles for certain
types of vehicles, e.g. for buses. The motivation behind
most of these studies includes more accurate estimation of
the fuel and energy consumption, as well as emission data
of vehicles. It has been proven, that these values are reg-
ularly higher in the real world than those determined by
the manufacturers based on the legislative driving cycles.
To construct a driving cycle which properly describes the
real driving patterns and reproduces the real fuel consump-
tion and emission (Huertas et al., 2019) compares 3 meth-
ods on the basis of bus-fleet data obtained in 4 regions.
Yuhui et al.'s work (2019) presents a method for driving
cycle development with the same motivation behind it.
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The presented method is applied for public urban buses in
Fuzhou city, China based on real-world driving data.

Due to the increasing number of hybrid and electric
buses there is an urgent need for better understanding
their driving characteristics. In Shen et al.'s work (2018)
the driving cycle for an intra-city hybrid electric bus is
developed with the aim of energy economy and emission
performance testing, as well as control strategy optimi-
zation. Because of the special properties of electric vehi-
cles their driving pattern is different from that of inter-
nal combustion engine driven vehicles. To prove this
and help optimize the performances of the electric buses
Tong (2019) presents a driving cycle for a particular bus
route with supercapacitor buses deployed in Hong Kong.

Driving cycles are generally developed on the basis of
two types of methods. In the first method, acceleration,
idle speed, deceleration, and driving modes are combined
to constitute a typical driving cycle, while in the second
method, the driving cycle is derived from a large quantity
of real-world statistical data (Chen et al., 2019). Extensive
duty-cycle statistical analyses can be performed to exam-
ine and characterize common vehicle dynamics trends and
relationships based on in-use field data.

The purposes of assessment criteria used for repre-
sentative cycle synthesis are: extraction of driving char-
acteristics; construction of candidate driving cycles; and
determination of the statistical representativeness of the
candidate driving cycles and the selection of the "best"
cycle (Tong and Hung, 2010).

A driving condition cluster analysis methodology is
proposed to establish the relationship between vehicle
fuel consumption and driving condition type in Xie et al.'s
work (2017).

In Brady and O'Mahony's work (2016) a stochastic and
statistical methodology is used to develop and assess the
representativeness of the driving cycle against a separate
set of real-world data. For understanding the characteris-
tics of driving cycles in depth the concepts of Distribution
of speed interval, Distribution of acceleration interval,
and the Speed acceleration frequency distribution are used
in Gong et al.'s work (2018).

Regarding the cycle construction method, a random
selection approach is adopted in Tong et al.'s work (2011).
10 acceptable cycles were generated for each vehicle type
for the selection of the most representative driving cycle.
In Kamble et al.'s work (2009) the data analysis is carried
out in two parts as: analysis of base data and the analysis of
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micro-trips. The analysis of base data involves the devel-
opment of the normalized speed—acceleration frequency
matrix from which several parameters representing travel
characteristics are computed.

2 Basic data of the analysis
Debrecen is a regional center with approximately
200,000 inhabitants, its area is 462 km?. It is located in a
flat area without steep slopes. The relatively dense local
network of public transport in Debrecen is based on bus,
trolley bus and tram lines. A typical bus line is a combina-
tion of inner sections in the city center and outer sections
in the suburbs. The average distance between two stops is
approximately 200300 m in the center and 400-500 m
in the suburbs. The optimal selection of vehicles (size,
type of drivetrain) is based on the analysis of the usage
of vehicles in the real traffic, which can be described e.g.
with driving cycles characteristic to the given settlement.
In the literature we can find many methods for data col-
lection, like the chase car method, the on-board measure-
ment method, and the hybrid method which is the combi-
nation of first two (Galgamuwa et al., 2015). In this study
we used on-board diagnostic (OBD) tool to collect more
than 50 trip activity information. The data acquisition
system was installed on vehicles of the local public trans-
port company. Our key data, collected second-by-second,
included time, speed, acceleration, and traveled distance.
Some of the characteristic parameters in the development
process were used directly as obtained from the measure-
ments, some were used after manipulations.

3 Data processing and driving cycle construction

3.1 Data filtering and micro-trip description

There are several methods used in the literature to con-
struct the cycle such as micro-trip cycle construction,
trip segment-based cycle construction, cycle construction
based on pattern classification, and modal cycle construc-
tion (Dai et al., 2008). In this study, the analysis of the
travel data was performed by data processing based on
the micro-trip method. The micro-trip is a trip between
two stops caused by red traffic light signals, bus-stops
for passengers getting on and off the bus, or other traffic
situations. Such a section of travel includes acceleration,
cruise, deceleration and idling parts. First, a filtration pro-
gram was developed to eliminate the inaccurate data, and
then, in the pre-processing step, we divided the original
profiles into micro-trips using another program.
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3.2 Determination of characterizing parameters

For micro-trip clustering we have to extract driving fea-
tures first. Many driving features can be defined for driving
data. In this study, we used these common driving features:

* Average speed (v, in km/h): Average value of speed

total
during a driving segment

* Average acceleration (a in m/s?): Average value of
positive accelerations

* Idle time (¢, in percentage): the quotient of the idle
time and the total time.

These chosen because

have the greatest effects on emissions (Fotouhi and

Montazeri-Gh, 2013).

parameters were they

3.3 The clustering procedure

In this paper, clustering method is used for micro-trips
partitioning. Clustering is the process of partitioning
a given set of n points into a number of groups, based
on some similarity metric. We utilized the most com-
monly used unsupervised machine learning algorithm.
The k-means clustering algorithm attempts to solve the
clustering problem by optimizing a given metric (Fotouhi
and Montazeri-Gh, 2013).

Before we do the actual clustering, we need to iden-
tify the optimal number of clusters for the dataset. Popular
ways of determining the number of clusters are the Elbow
Method, the Silhouette Method, and the Gap Static Method.
Elbow and Silhouette methods are direct methods while
Gap method is a statistics method (Yuan and Yang, 2019).

3.4 Method of driving cycle construction

After clustering the micro-trips and determining the propor-
tion belonging to the clusters in the full dataset, for the con-
struction of the driving cycle we need to select micro-trips
from each cluster according to the specified proportions.
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We used the following three methods:

1. the micro-trip closest to the cluster centers was
selected from each cluster and was weighted with the
specified proportions

2. micro-trips were randomly selected from each clus-
ter, where the number of the selected micro-trips was
determined on the basis of the specified proportions

3. given number of micro-trips were selected from each
cluster which were closest to the center, where the
number of the selected (different) micro-trips was
determined on the basis of the specified proportions.

4 Results

4.1 Determination of the optimum number of clusters
First of all, we determined the optimum number of clus-
ters in both modes. In the first mode the "Average speed"
and the "Idle time percentage" were used as features for
the clustering. As Fig. 1 shows, all of the three methods
justified that the optimum number of clusters was two.

In the second mode the "Average speed" and the
"Average acceleration" were used as featured for the clus-
tering. In this case the optimum number of clusters was
three, as shown in Fig. 2.

4.2 Clustering
In the first mode the micro-trips are clustered into two
groups using the k-means clustering method. Each micro-
trip is represented as a point in the 2-dimensional feature
space. In the scatter plot of the micro-trips in the feature
space the different clusters are displayed in different col-
ors in Fig. 3. The centers of the clusters are marked with
black points.

Proportions belonging to the clusters in the total sample:

» proportion of Cluster 1 is 0.583

» proportion of Cluster 2 is 0.417.
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Fig. 1 Optimum number of clusters in the first mode (a) Elbow Method, (b) Silhoutte Method, (c) Gap Statistic Method
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Fig. 3 Clustering result in the first mode

Thus, 6 micro-trips from Cluster 1 and 4 micro-trips
from Cluster 2 are selected in the drive cycle construction
(the true ratios are 0.6 and 0.4, respectively).

In the second mode the micro-trips are clustered into
three groups. The result and the centers of each cluster
marked with a black point presented in Fig. 4.

Proportions belonging to the clusters in the total sample:

» proportion of Cluster 1 is 0.435

 proportion of Cluster 2 is 0.372

» proportion of Cluster 3 is 0.193.

Thus, 4 micro-trips from Cluster 1 and Cluster 2, and
2 micro-trips from Cluster 3 are selected for the drive
cycle construction (the true ratios are 0.4, 0.4, and 0.2,
respectively).

4.3 Selection of micro-trips
After clustering we constructed 6 different driving cycles
depending on the two modes and three selection methods:

* DCI11: the micro-trips closest to the centers of the two
clusters were selected and used 6-times and 4-times;

* DCI2: 6 micro-trips from Cluster 1 and 4 micro-
trips from Cluster 2 were selected randomly;

* DCI3: 6 and 4 different micro-trips closest to the
centers were selected from Clusters 1 and 2;

* DC2I1: the micro-trips closest to the centers of the
three clusters were selected and used 4-times,
4-times and 2-times, respectively;

* DC22:4,2,and 2 micro-trips were randomly selected
from Cluster 1, Cluster 2, and Cluster 3, respectively;

* DC23: 4, 2 and 2 different micro-trips closest to
the centers were selected from Clusters 1, 2, and 3,
respectively.

4.4 Comparison based on characteristic parameters
For the comparison we used the following driving cycle
characteristic parameters:

» Average speed (v in km/h): Average value of the

total
speed during a driving segment;

» Average cruising speed (v in km/h): Average

cruise

value of the non-zero speeds;
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» Average acceleration (a in m/s?). Average value of
the positive accelerations;

» Average deceleration (d in m/s?): Average value of
the negative accelerations;

* Root mean square acceleration (a,,,, in m/s*): root

mean square of the positive and negative accelera-

tions, calculated as

)

* Idle time percentage (¢, in %): the quotient of the
idle time and the total time in percentage.

In order to select the most representative driving cycle,
the Root Mean Square (RMS) error was used. The RMS
analysis aims to find the driving cycle with the lowest
value of the overall RMS error comparing the statisti-
cal parameters of the sample and the average statistical
parameters of the total dataset. As Table 1 shows, the drive
cycle DC23 has the lowest RMS value, so this drive cycle
represents the full dataset best.

4.5 Comparison based on SAPD

The Speed Acceleration Probability Distribution (SAPD)
is an alternative tool to describe driving patterns
(Huertas et al., 2019). It classifies the average speed and
average acceleration of the vehicles into bins of speed-ac-
celeration. Therefore, the similarity between the SAPD
of the driving cycles and the SAPD of the full dataset is
an indicator of representativeness of the driving cycle.
The Quality of Fit (QoF), defined as

QUF=3> (B~ . @

was used to evaluate the degree of similitude between
SAPDs. The value closest to 0 indicates the best accuracy.
The last row of Table 1 shows that the drive cycle DC23
has the lowest QoF value, that is, DC23 was proven to be
the best again.

Fig. 5 (a) shows the SAPD of the full dataset, while
Fig. 5 (b) shows the SAPD of the final driving cycle
obtained with the three driving cycle construction meth-
ods. The visual inspection confirms the similarity of the
two SAPDs.

Table 1 Driving cycle characteristic parameters

Parameter Total dataset DC11 DC12 DC13 DC21 DC22 DC23
Avg speed (km/h) 13.197 13.243 13.948 13.072 12.955 16.095 13.025
Avg cruise speed (km/h) 19.267 19.053 19.800 19.056 21.570 21.696 19.197
Avg acceleration (m/s?) 0.308 0.266 0.320 0.278 0.355 0.346 0.295

Avg deceleration (m/s?) —-0.316 -0.266 —0.331 -0.276 —0.383 —0.352 -0.314
RMS acceleration (m/s?) 0.612 0.562 0.632 0.585 0.663 0.653 0.571

Idle time percentage (%) 35.622 34.732 33.970 35.015 45.457 28.700 36.142
RMS of full parameters 0.2268 0.1047 0.1677 0.4087 0.3664 0.0823
Quality of Fit value 0.0567 0.0425 0.0328 0.0354 0.0790 0.0278
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Fig. 5 (a) SAPD of the full dataset (b) SAPD of the final driving cycle
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Fig. 6 Bus Driving Cycle for Debrecen

The Bus Driving Cycle constructed for Debrecen,
which can be seen in Fig. 6, properly represents the origi-
nal dataset. The total time of the cycle is 747 s, the further
parameters of the driving cycle are collected in Table 2.

5 Conclusions

In relation to a project focusing on determination of fuel
and energy consumption by dynamic simulation of vehi-
cles, there is a need for driving cycles specified for certain
types of vehicles, regions, and applications. As these driv-
ing cycles aim to represent the characteristic of the load in
the simulation, they have to be accurate enough to enable
us to draw right conclusions. Based on this motivation, in
this paper a driving cycle development procedure for the
bus traffic in Debrecen is presented. Several versions of
the driving cycles were constructed and compared, from
which the most representative one was selected. The final
representative Bus Driving Cycle for Debrecen will be
used for further researches related to the evaluation and
improvement of fuel economy of existing vehicles, as
well as implementation of vehicles with alternative power
source. In the next step of the research we are building
a dynamic model of the vehicle. Based on the developed
driving cycle, proper selection of the power source, the
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