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The relationship between the energy consumption of buses and traffic conditions has gradually garnered research attention with the expansion of the green
transportation concept and the promotion of new energy buses. In line with these developments, this study develops a spatial–temporal estimation model
of residual energy for pure electric buses with fuzzy clustering and time-series algorithms. These algorithms are based on the traffic performance index of
the road sections between the nearest bus stops. Furthermore, they are established according to the positions of floating vehicles and the bus routes in
combination with the energy consumption data derived from the battery management system of pure electric buses. Test results show that these estimation
algorithms can accurately describe the spatial–temporal relationship between traffic performance index and the residual energy in pure electric buses.
Thus, they can be applied as significant references in the analysis of traffic conditions, energy conservation, and emission reduction for buses.
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Prostorno-vremenski model procjene preostale energije za potpuno električne autobuse na temelju indeksa učinka prometa
Izvorni znanstveni članak
Odnos između potrošnje energije autobusa i prometnih uvjeta postupno je privukao istraživačku pozornost sa širenjem koncepta zelenog transporta i
promocijom novih energetskih autobusa. U skladu s ovim razvojem, ova studija razvija prostorno-vremenski model procjene preostale energije za potpuno
električne autobuse s algoritmima neizrazitog grupiranja i neizrazitim vremenskim nizovima. Ovi algoritmi se temelje na indeksu učinka prometa
cestovnih dionica između najbližih autobusnih stanica. Nadalje, oni se uspostavljaju prema položajima vozila u prometu i autobusnim rutama u
kombinaciji s podacima o potrošnji energije koji proizlaze iz sustava upravljanja baterijama potpuno električnih autobusa. Rezultati ispitivanja pokazuju
da ti algoritmi procjene mogu točno opisati prostorno-vremenski odnos između indeksa učinka prometa i preostale energije u potpuno električnim
autobusima. Tako se oni mogu primijeniti kao značajne reference u analizi prometnih uvjeta, očuvanja energije i smanjenja emisija za autobuse.
Ključne riječi: indeks prometa; neizrazito grupiranje; neizraziti vremenski nizovi; potpuno električni autobus; preostala energija
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Introduction

Pure electric buses have developed rapidly under
China’s current energy conservation and emission
reduction policy. However, they remain under trial
operation and their large-scale use has not been promoted
given the limited driving mileage, which is limited by
battery capacity and operational conditions. As such,
researchers have analyzed and evaluated driving mileage
under the current conditions using various methods;
however, they have yet to report a breakthrough with
respect to battery storage capacity and reliability.
Currently, driving mileage is mainly estimated precisely
by converting accurate SOC (State of Charge, it means a
battery is its available capacity expressed as a percentage
of its rated capacity) values. Therefore, studies focus on
the accurate estimation of SOC. Some representative
algorithms have also been developed in relation to the
energy consumption of batteries. For instance, Luo [1]
proposed a SOC calculation method that can correct the
initial errors associated with the lithium-ion batteries used
in electric buses. Tian [2] established an improved model
of Partnership for a New Generation of Vehicles for
lithium iron phosphate batteries. The SOC for these
batteries is estimated accurately using the extended
Kalman filter algorithm. Li [3] presented an initial SOC
correction algorithm to eliminate accumulated errors in
SOC and to enhance accuracy because the initial value
strongly influences the ampere–hour integral method of
SOC calculation for lithium-iron phosphate batteries.
Bingham [4] study investigates the impact of driver
behaviour/driving-style on the energy consumption, stateof-charge (SOC) usage and range, of all-electric vehicles
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(EVs). Results from many driving cycles using a sole
driver, along with those from a predefined ~40 km route
encompassing both urban and rural roads in Sheffield
(UK) with various drivers, are given and analysed. Vaz [5]
proposes a novel strategy that presents a number of
optimal trip speeds to the driver, along with the total trip
time corresponding to a predicted range. Hornstra [6]
described that which combines the use of the battery
Ragone (average power) and peak power characteristics,
in a simple manner, to show which batteries and which
drive train characteristics favour any one driving schedule
over another, including the Federal Urban Driving
Schedule (FUDS) and the SAE J227aD Urban Driving
Schedule (SUDS). Oliva [7] introduces a model-based
approach for predicting the RDR by combining a particle
filter with Markov chains. Niu [8] analyzed the
parameters of equivalent circuit models and both the
voltage and dynamic power characteristics of batteries
through electrochemical impedance spectroscopy. This
author also determined the typical parameter
identification conditions for batteries by comprehensively
analysing the main characteristics of charging and
discharging conditions. The model parameters were then
examined through particle swarm optimization. This
study also applied the revised voltmeter–ammeter method
[9], the Kalman [10-13], the neural network algorithms
[14, 15] and the clustering algorithms [16] extensively.
Various factors can influence the energy
consumption of pure electric buses, including time
interval (morning and evening peaks), road conditions,
driving habits, routes, and passengers. Therefore, the
present study utilizes the data obtained from currently
operating pure electric buses and combines them with the
1803
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traffic between the nearest bus stops; N2 represents the
sections of road under heavy traffic between the nearest
bus stops; Lk represents the length of each section of the
road that experiences heavy traffic between the nearest
bus stops; and m represents the number of road sections.
The calculation method of the traffic performance
index for a single road between the nearest bus stops is
similar to that for the traffic performance index of all bus
stops overall.

traffic index system of bus stops to establish the residual
energy prediction model for these buses. The fuzzy
clustering and time-series algorithms are also applied to
support the planning and adjustment of bus routes, vehicle
dispatching, and planning of charging stations
strategically.
2

Traffic performance index

Real-time traffic performance index has garnered
considerable interest in China [17]. These indices are
based on smart traffic-data acquisition, processing, and
analysis. Furthermore, they are combined with traditional
parameters, such as flow rate, density, occupancy rate,
and speed. Beijing City and Guangzhou City have
released their local technical standards in relation to
traffic performance index [18, 19]. Thus, this study
comprehensively compares the characteristics of traffic
performance index in various cities. Moreover, the
calculation considers the mileage ratios of traffic jams on
various roads based on the traffic performance index of
Guangzhou [19] and on the classification of roads and
traffic performance index.
The roads between the nearest bus stops are
considered the calculation objects to determine the traffic
performance index for these roads according to bus
operation law:

3
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where φ represents the mileage ratio of a heavy traffic jam
(when Traffic Performance Index (TPI) values are 6 ≤
TPI < 8) on the road between the nearest bus stops; Lj
represents the length of the road that experiences heavy
Classification
of energy
consumption
Extremely
high
(abnormal)
High
Normal
Low
Extremely low
(abnormal)

Li Wang et al.

Spatial–temporal algorithm that predicts the residual
energy of pure electric buses

Energy consumption varies on different roads.
Therefore, it should be classified according to bus route.
Various models should be generated to predict
accumulated driving mileage accurately. In line with this
objective, the energy consumption of buses in operation
can be distributed in terms of bus routes and stops. The
distribution of energy consumption in terms of bus routes
considers the working conditions of pure electric buses
but not the waiting time for entry to and exit from bus
stops during operation. Moreover, a large number of bus
stops on a route complicate the calculation model of
energy consumption. The model of route energy
consumption also displays poor stability and robustness
because the working condition of the bus on the route is
significantly affected by road networks. Given this
information, this study constructs a calculation model of
energy consumption for the road between the nearest bus
stops. The starting point is the bus stop exit and the end
point is the bus stop entry. The stability of the established
energy consumption model can thus be improved by fully
considering road working conditions. Moreover, the
energy consumption model of the bus stop can be
expanded and extended when bus routes are adjusted.

Table 1 Classification of the factors that influence energy consumption (batteries)

Maximum
Minimum
battery
bus
temperature temperature

Remaining
SOC

Total voltage

Maximum
voltage

Minimum
voltage

Total
current

Difference in
voltage

≤ 40%

≥ 600 V

≥ 3.32 V

≥ 3.30 V

≥ 60 °C

≤ 20 °C

≥ 85.5 A

≥ 0.09 V

40%-50%
50%-55%
55%-65%

590-600 V
570-590 V
560-570 V

3.29-3.32 V
3.27-3.29 V
3.21-3.27 V

3.28-3.30 V
3.22-3.28 V
3.18-3.22 V

50-60 °C
40-60 °C
30-40 °C

20-26 °C
26-28 °C
28-30 °C

84.4-85.5A
83.6-84.4A
83.0-83.6A

0.06-0.09 V
0.03-0.06 V
0.01-0.02 V

≥ 65%

≤ 560 V

≤ 3.21 V

≤ 3.18 V

≤ 30 °C

≥ 30 °C

≤ 83.0 A

≤ 0.01 V

Note: Total voltage and total current refer to the absolute values of the overall measured data for battery packs during electric discharge. The maximum
voltage, minimum voltage, and voltage difference refer to the voltages of single batteries. Moreover, the maximum and minimum voltages correspond
independently.

The energy consumption of pure electric buses on
roads between the nearest bus stops are influenced by the
length, current, voltage, and road conditions (traffic
performance index) of the route. A standard for energy
consumption classification can be established in relation
to the influential factors based on relevant research and
actual operation data [19-21] for each road between the
nearest bus stops. This standard determines energy
consumption conditions through seasonal classifications,
bus operation plans, traffic laws, driving conditions, the
1804

influence of a constant weekly time interval, and the
average value of energy consumption on the road between
the nearest bus stops. Measured data in Tab. 1 and Tab. 2
are classified according to operating conditions of the
buses and experiences of the staff. These classified data
are based on the division and statistic of the ecological
distribution. Tabs. 1 and 2 show the classifications of the
energy consumption conditions of a pure electric bus
travelling on a road between the nearest bus stops in the
period of June-August. This bus departs at 08:30 hours on
Technical Gazette 24, 6(2017), 1803-1811
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Monday mornings. Nonetheless, the parameters in the
tables are suitable only for the roads between the test bus
stops, and they vary for every road between the nearest
stops.
A model of route energy consumption can be
established based on the road sections between the nearest
bus stops after quantizing the main influential factors in
the energy consumption of a pure electric bus. This model

is meaningful only when it is associated with a certain
time and with roads in consideration of time-series data,
such as the spatial—temporal correlation of the influential
factors and the traffic flow data of pure electric buses as
traffic and passenger flows. The mathematical model
must determine the laws and data trends that change with
time, including time-series trend analysis and cyclic
pattern matching.

Table 2 Classification of the factors that influence energy consumption (traffic performance index)

Classification of
Average speed
Average speed on
energy
on the subsidiary
the main road
consumption
road
Extremely high
≤ 20 km/h
≤ 15 km/h
High
20-30 km/h
15-25 km/h
Normal
30-40 km/h
25-35 km/h
Low
40-50 km/h
35-50 km/h
Extremely low
≥ 50 km/h
≥ 50 km/h

Indices of
traffic jams

Mileage ratios
of traffic jams

Periods of
traffic jams

≥8
6-8
4-6
2-4
≤2

≥ 30%
20-30%
10-20%
5-10%
≤ 5%

≥ 50 min
30-50 min
20-30 min
10-20 min
≤ 10 min

Number of road sections
between the nearest bus
stops under traffic jams
≥7
5-6
3-4
1-2
0

Note: All traffic performance indexes refer to those of road sections along the route. All of the data in the table represent the operation indices on work
days. The other indices denote the overall conditions of the road in operation, with the exception of the road sections under traffic jam between the nearest
bus stops. A traffic jam is characterized by an average road speed of less than 30 km/h.
b
c
n
Time-series data are mainly examined in terms of
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change, prediction, classification, clustering, and
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similarity searching [22-23]. Thus, this study combines
 c ˆ
ˆ
the fuzzy clustering algorithm with the fuzzy time-series
∑ P ωi | x j , θ = 1, ∀j
=
i
1
algorithm according to the characteristics of the
(3)

s.t.  Pˆ ωi | x j , θˆ ∈ [ 0,1] , ∀i, j
influential factors in the energy consumption of pure
N
electric buses to conduct similarity searching and to
∑ Pˆ ωi | x j , θˆ > 1, ∀i
assess fuzzy time-series energy consumption.
 j =1
Energy consumption levels and influential factors are
classified based on specialist opinions and the actual
where V = {v1 , v2 , , vc } ; vi represents the Centre vector
mean data of operations to enhance the qualitative
description of energy consumption [24-25]. Therefore,
of class ωi; μi denotes the mean value of normal
this study identifies typical energy consumption samples
distribution, which is the clustering Centre; and b
to label the initial clustering center. Furthermore, it
corresponds to a free parameter that controls the mixing
clusters other sample data to classify energy consumption
degrees of different classes, which is weight b ∈ (1, ∞) .
data effectively and to establish the analytical model of
The clustering membership of each sample point is
time-series energy consumption based on fuzzy clustering.
normalized as follows:
Every sample point belongs to a certain class in each
iteration step of the clustering algorithm. The fuzzy
c
(4)
clustering algorithm simplifies the terms and assumes its
Pˆ ωi | x=
1=i 1, , c=
; j 1, , N .
∑
j
=
0
i
fuzzy membership to a certain class. This membership
function is equal to the Pˆ ωi | x j , θˆ of Bayes formula for
Classic time series models [26-27] such as
normal distribution defuzzification value.
autoregressive,
modified
moving
average,
autoregressive—moving-average and autoregressive
integrated moving average normally obtain the dynamic,
p x j | ωi , θˆi Pˆ (ωi )
ˆ
ˆ
(2)
time-series data of observed objects through observation,
P ωi | x j , θ = c
ˆ Pˆ ω
p
x
ω
θ
|
,
investigation, statistics, and sampling. These data are
∑ j =1 j j j
j
objectively described by the curve-fitting method.
However,
most of these models are applicable only to
where θˆ is the parameter vector of the membership
data with relatively simple predictive results, such as
function, Pˆ ωi | x j , θˆ is normal distribution value of
stock, schooling, generalized Pareto distribution
estimation, and climate. Furthermore, they cannot
defuzzification, p x j | ωi , θˆi is maximum-likelihood,
accurately describe the complex and fuzzy conditions of
the energy consumption data obtained from pure electric
ˆ
P (ωi ) is prior probability.
buses, which are influenced by additional factors and
N represents the number of elements in the data set
generate complex predictive results. These models are
and c denotes the number of clustering centres with
normally affected, and their predictive results are not
regard to the data set of the influential factors in the
consistently optimal. To resolve this problem, this study
energy
consumption
of
pure
electric
buses
introduces the membership weight matrix and uses the
X = { x1 , x2 , , xN } . The minimum global cost function is
membership component of the observation value as the
fuzzy matrix of the weights to predict and generate the
expressed as follows:
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fuzzy time-series model in fuzzy clustering. No additional
predictive rules are required to improve prediction
accuracy. The weight matrix of influential factors reflects
the correlation and degree of the influence of these factors,
whereas the matrix of overall energy consumption
indicates the energy consumption conditions while
travelling on the road between the nearest bus stops.
Energy consumption can be classified into five stages
on the road between the nearest bus stops using the
normal distribution algorithm based on actual observation
values and clustering centers. These stages are extremely
high, high, normal, low, and extremely low. Assuming
that the discourse domain of energy consumption is
f A ( u1 ) f A ( u2 )
f A ( un ) f A ( uk )
, the
A=
+
+ +
=
, ∀u ∈U , n= 5, k = 1,2, ,5
i

i

i

u1

i

u2

un

∫

i

k

uk

U

fuzzy set Ai of the discourse domain U can be expressed
f A ( u1 ) f A ( u2 )
f A ( un )
f A ( uk )
as
.
Ai =

i

u1

+

i

u2

+ +

i

un

=

∫

U

i

uk

, ∀uk ∈ U , n= 5, k = 1, 2, ,5

In this equation, f A represents the membership function
i
of fuzzy set Ai (this study selects an isosceles trapezoid
from among triangles and trapezoids as the fuzzy function
according to the characteristics of pure electric buses); the
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symbol "+" represents connector
n

∑ f (u ) = 1 .
k =1

Ai

k

f Ai : U → [0,1] ,

and

uk denotes an element of fuzzy set Ai;

f Ai ( uk ) corresponds to the membership degree of element

uk in the fuzzy set Ai; and membership function f A ( uk )
i
satisfies f A ( uk ) ∈ [0,1],1 ≤ k ≤ n .
i

When a fuzzy set R ( t − 1, t ) satisfies F ( t ) =
F ( t − 1)  R ( t − 1, t ) ,
and then F(t) can be derived from F(t−1). In this equation,
"  " represents an operator of relational calculus. If F(t−1)
= Ai and F(t) = Ai, then the fuzzy logic relation (FLR)
between the two continual data F(t−1) and F(t) can be
expressed as F(t−1) → F(t). F(t−1) is the left-hand
relation of the FLR and F(t) is the right-hand relation [2427]. The FLRs of the energy consumption at all roads
between the nearest bus stops alone can define fuzzy logic
groups given actual pure electric buses. These FLRs are
expressed as F(t−1) → F(t), t = 1, 2, …, 17. For the sole
fuzzy time-series sequence, the weight value of energy
consumption on the roads between the nearest bus stops is
expressed as (5).

W ( t ) =  w1 ( t ) w2 ( t ) ,3 wn ( t ) 


c1 E1 ( t )
c2 E2 ( t )
cn En ( t )
,
,3 ,
=

c1 E1 ( t ) + c2 E2 ( t ) + + cn En ( t ) 
+ cn En ( t ) c1 E1 ( t ) + c2 E2 ( t ) + + cn En ( t )
 c1 E1 ( t ) + c2 E2 ( t ) + 333


 c E (t )
c
E
t
c
E
t
( ) ,3 n n ( ) 
, n2 2
= n 1 1
n
 c E (t )
cn En ( t ) ∑ cn En ( t ) 
∑
∑
n n
 n 1 =n 1 =n 1

=

(5)

n

s.t.∑ cn En ( t )y = 128.313x1 − 411.546 x2 + 32.541x3 − 0.001x4 + 0.262 x5 − 13.447
n =1

where wn(t) represents the weight value of the road
between the nearest bus stops; cn denotes the degree of
fuzzy membership that corresponds to the degree of
energy consumption on the road between the nearest bus
stops; f A ( uk ) represents the corresponding normal
i

distribution value of defuzzification; and En(t) denotes the
energy consumption value that corresponds to the
clustering center on the road between the nearest bus
stops.
The fuzzy time series of the energy consumption on
the road between the nearest bus stops describes the
calculation method of the overall distribution of the
energy consumed by pure electric buses throughout a road
trip. This distribution is expressed by dynamic weight
value. Moreover, the fuzzy similarities are measured
under the energy consumption conditions of the fuzzy
clustering center on the road between the nearest bus
stops to estimate the overall energy consumption
conditions.
4 Test and results
4.1 Test data description
The model of bus driver habits is established using
the traffic state information uploaded by the automobile
data recorder on the bus. This recorder is equipped with
1806

satellite positioning function, and the data fields it
uploads include positioning information, speed, direction,
lights, acceleration, and braking. The indices of driving
habit, such as the acceleration and deceleration time ratios,
can then be computed based on the uploaded data
regarding the road traffic between the nearest bus stops.
Furthermore, the index system of traffic operation is
estimated according to the positions and speeds of
floating vehicles (taxis and coaches).

Figure 1 Traffic performance index

Fig. 1 illustrates real-time traffic operation index
conditions at different times of the day. It also depicts the
traffic conditions in terms of colour depth (from dark
green to dark red) based on the classification rules of the
index system of traffic evaluation in Guangzhou. These
colours indicate highly smooth flow, smooth flow, slight
traffic jam, jam, and serious jam. Their respective Traffic
Technical Gazette 24, 6(2017), 1803-1811
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Performance Index (TPI) values are 0 ≤ TPI < 2, 2 ≤ TPI
< 4, 4 ≤ TPI < 6, 6 ≤ TPI < 8, and 8 ≤ TPI ≤ 10.
4.2 Test results and analysis
The research subject in this study is pure electric bus
no. 801 in Guangzhou. The influential factor indices are
measured to construct the model of driving mileage
prediction for the pure electric bus based on the traffic
performance index of bus stops. In the process, the
driving conditions of pure electric buses on the route can
be estimated. The pure electric bus must return to the
station for battery change or recharge when SOC value is
lower than or equal to 30% based on operation rules; thus,
this study predicts the energy consumed on the road
between the nearest bus stops given different minimum

residual energy requirements in real operation conditions
when complete energy consumption tests cannot be
conducted. The predicted values are then compared with
the real values. This study uses the data obtained from
similar work days and times as samples to estimate
residual energy consumption under the same conditions.
Six hundred and twenty-four pieces of energy
consumption data are derived from pure electric buses
with complete attributes in operation to describe the
overall traffic performance index of the bus routes and
energy consumption conditions. These buses complete
their operational tasks on Tuesday mornings between
0700 and 0900 hours. The statistical results of some of the
data on the attributes are described below:

Table 3 Statistics of the partial attributes of traffic jam indices and residual energy

Traffic jam indices

0 ≤ TPI < 2

2 ≤ TPI < 4

4 ≤ TPI < 6

6 ≤ TPI < 8

8 ≤ TPI ≤ 10

Overall energy
consumption on the routes
≤ 40%
4
40-50%
39
50-55%
57
55-65%
24
≥ 65%
1
≤ 40%
19
40-50%
45
50-55%
173
55-65%
21
≥ 65%
2
≤ 40%
31
40-50%
32
50-55%
27
55-65%
10
≥ 65%
2
≤ 40%
22
40-50%
45
50-55%
37
55-65%
8
≥ 65%
0
≤ 40%
7
40-50%
10
50-55%
8
55-65%
0
≥ 65%
0

Minimum temperature on
the bus
≤ 20 °C
0
20-26 °C
49
26-28 °C
59
28-30 °C
14
≥ 30 °C
7
≤ 20 °C
0
20-26 °C
98
26-28 °C
116
28-30 °C
11
≥ 30 °C
0
≤ 20 °C
0
20-26 °C
107
26-28 °C
68
28-30 °C
21
≥ 30 °C
0
≤ 20 °C
0
20-26 °C
31
26-28 °C
14
28-30 °C
12
≥ 30 °C
0
≤ 20 °C
0
20-26 °C
9
26-28 °C
5
28-30 °C
3
≥ 30 °C
0

Various influential factors of the traffic index system
are inputted, including average speed on the main road,
speed on the subsidiary road, traffic jam indices, mileage
ratios of traffic jams, traffic jam duration, number of road
sections that experience traffic jams between the nearest
bus stops, total voltage in the battery management system,
maximum voltage, minimum voltage, maximum battery
temperature, minimum bus temperature, total current, and
voltage difference. Residual energy is then outputted. The
model is verified and the results analyzed using weekly
data derived at the same time period. The fuzzy clustering
algorithm mainly aims to determine the influential factors
of different inputs to identify the relationship between
various influential factor values of residual energy. The
residual energy data can be predicted with the fuzzy timeseries algorithm.
The operational data of bus no. 801 in Guangzhou is
obtained from between 0700 and 0900 hours and between
1700 and 1900 hours from Monday to Friday for the test.
Tehnički vjesnik 24, 6(2017), 1803-1811

Maximum temperature of
the batteries
≥ 60 °C
18
50-60 °C
76
40-50 °C
105
30-40 °C
4
≤ 30 °C
0
≥ 60 °C
17
50-60 °C
65
40-50 °C
56
30-40 °C
2
≤ 30 °C
0
≥ 60 °C
30
50-60 °C
76
40-50 °C
32
30-40 °C
2
≤ 30 °C
0
≥ 60 °C
27
50-60 °C
52
40-50 °C
32
30-40 °C
3
≤ 30 °C
0
≥ 60 °C
11
50-60 °C
6
40-50 °C
9
30-40 °C
1
≤ 30 °C
0

Mileage ratios of traffic
jams
≥ 30%
13
20-30%
32
10-20%
18
5-10%
23
≤ 5%
12
≥ 30%
29
20-30%
66
10-20%
110
5-10%
34
≤ 5%
7
≥ 30%
34
20-30%
85
10-20%
22
5-10%
1
≤ 5%
0
≥ 30%
43
20-30%
45
10-20%
25
5-10%
0
≤ 5%
0
≥ 30%
10
20-30%
13
10-20%
2
5-10%
0
≤ 5%
0

A total of 1,932 pieces of complete attribute and traffic
index data are generated by the corresponding bus stops,
excluding missing data. Eight hundred and ninety-two
pieces of information are derived in the morning between
0700 and 0900 hours; 49 are smooth traffic flow data (0 ≤
TPI < 2), 219 are fairly smooth traffic flow data (2 ≤ TPI
< 4), 337 are light traffic jam data (4 ≤ TPI < 6), 217 are
medium traffic jam data (6 ≤ TPI < 8), and 70 are heavy
traffic jam data (8 ≤ TPI ≤ 10). One thousand and forty
pieces of data are collected between 1700 and 1900 hours;
34 are smooth traffic flow data (0 ≤ TPI < 2), 189 are
fairly smooth traffic flow data (2 ≤ TPI < 4), 422 are light
traffic jam data (4 ≤ TPI < 6), 312 are medium traffic jam
data (6 ≤ TPI < 8), and 83 are heavy traffic jam data (8 ≤
TPI ≤ 10). Tab. 4 displays the predicted energy
consumption of buses in the process of completing
operational tasks based on actual traffic performance
index and comparison results.
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Table 4 Predicted residual energy

Time
duration

AM: 7:009:00

PM: 5:007:00

Residual energy
value
Extremely high
consumption
High
consumption
Normal
consumption
Low
consumption
Extremely low
consumption
Accurate total
value
Extremely high
consumption
High
consumption
Normal
consumption
Low
consumption
Extremely low
consumption
Accurate total
value

Actual values

Extremely
high
consumption

High
consumption

Normal
consumption

Low
consumption

Extremely low
consumption

Accuracy

36

33

3

0

0

73.47%

10

166

47

17

0

75.80%

3

15

251

33

6

74.48%

0

5

34

162

13

74.65%

0

0

2

5

51

72.86%

666

74.66%

24

29

9

0

0

70.59%

8

144

51

13

0

76.19%

2

13

335

43

11

79.38%

0

3

25

231

20

74.04%

0

0

2

25

52

62.65%

786

Thirty-three pieces of the predicted data obtained in
the morning between 0700 and 0900 hours remain based
on the "skip" errors in the confusion matrix. These data
correspond to 3.70% of the total data. Similarly, 40 pieces
of predicted data collected in the afternoon between 1700
and 1900 hours are retained. This value corresponds to
3.85% of total data and is classified as extremely low. The
number of erroneous predictions in the confusion matrix
is lower below the diagonal than above the diagonal with
respect to the data obtained in the morning and in the
afternoon (between 0700 and 0900 and between 1700 and
1900 hours), which indicates that the algorithm can easily
mistake the low energy consumed by the battery for high
consumption. Therefore, the method proposed in this
study can describe the spatial–temporal relationship
between traffic performance index and the energy
consumption of pure electric buses accurately. As a result,

75.58%

it is a significant reference for the analysis of traffic
conditions, energy conservation, and emission reduction
for buses.
TPI has enormous impact on the energy consumption
of the pure electric buses. Tab. 4 is the statistic of the
energy consumption. In order to describe the relation
between TPI and the operation of pure electric buses, Tab.
5 lists the relation between the remaining energy level and
TPI. It is important to note that TPI is the representation
of the traffic congestion of the whole city, but for bus
lines, it has some matching and adaptive problem. For the
time series based TPI, on the one hand, it has enormous
impact on the specific line position. On the other hand, it
just makes statistic based on the mean value of TPI
between the departure time and return time of the whole
bus line operation, which has only significance for
statistic but no time characteristic.

Table 5 Comparison between remaining energy consumption and TPI

Time
duration

Residual energy value

heavy traffic jam data (6 ≤ TPI ≤10)
medium traffic jam data (6 ≤ TPI < 8)
AM: 7:00light traffic jam data (4 ≤ TPI < 6)
9:00
smooth traffic flow data (2 ≤ TPI < 4)
traffic flow data (0 ≤ TPI < 2)
heavy traffic jam data (6 ≤ TPI ≤10)
medium traffic jam data (6 ≤ TPI < 8)
PM: 5:00light traffic jam data (4 ≤ TPI < 6)
7:00
smooth traffic flow data (2 ≤ TPI < 4)
traffic flow data (0 ≤ TPI < 2)

Extremely
high
consumption
26
16
3
3
1
14
11
3
4
2

Tab. 4 exhibits the predicted general energy
consumption of buses in the process of completing
operational tasks. However, it does not include the
1808

High
consumption

Normal
consumption

Low
consumption

Extremely low
consumption

44
108
24
38
5
45
91
38
9
6

19
32
198
72
16
32
49
213
97
31

12
25
43
115
22
42
57
65
105
43

1
3
4
23
39
3
3
10
28
39

predicted energy consumption values between the nearest
bus stops. These predictions are generated under the
conditions of the various road sections between the
Technical Gazette 24, 6(2017), 1803-1811
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nearest bus stops given the operational data of bus no. 801
in Guangzhou. These data are gathered on a Wednesday
between 0700 and 0900 hours in the morning and
between 1700 and 1900 hours in the afternoon. Table 5
lists the relation between remaining energy consumption
and TPI. TPI is updated once per minute, but the time of
the pure electric bus between departure and return is
updated once more than 2 hours. Therefore, because of
the time characteristics of TPI, the statistic of the whole
bus line lost its significance for prediction.

(a) Route map of bus no. 801

(b) Actual values (morning peak)

two is marked in brown. The predicted values are highly
accurate, and no energy consumption grades are skipped
in the two erroneous judgments at the intersections of the
main roads. Nonetheless, the judgment algorithm for
main-road intersections should be expanded further to
fully consider traffic lights and other factors.
4

Conclusion

A spatial–temporal prediction model of residual
energy is constructed for pure electric buses using the
fuzzy clustering and fuzzy time-series algorithms. This
model is based on the traffic performance index of the
road sections between the nearest bus stops and the
battery data in pure electric buses. It is a significant
reference for the analysis of traffic conditions, energy
conservation, and emission reduction for buses.
The object of this study is the pure electric buses in
China's big cities. Considering the various factors
affecting the energy consumption, the weather factors
vary from place to place, the quality of automobile brand
manufacturers is also different, other factors can be added.
Select the object mainly considering the complex
influence of China big city traffic factors, especially the
traffic characteristics of passenger traffic complexity,
state of the tidal effect significantly, so to establish the
analysis model is relatively complex. The traffic problems
in other small and medium-sized cities in China have not
yet been highlighted, so the application of this model in
small and medium-sized cities can play a certain role, but
it is not particularly significant. For new energy vehicles
themselves, different external factors and different
drivers' driving habits can directly affect energy
consumption. According to the characteristics of the bus
line and site, the bus also determines the applicability of
different new energy vehicles on different lines.
The factors affecting the energy consumption used in
this paper are summarized through literature search and
other practical experience and there may be more factors
that are ignored or difficult to digital description. The
authors will in the future further study the impact of these
factors for consolidation, expansion, screening, so as to
establish a model to describe better Su snow pure electric
bus energy consumption.
Acknowledgements

(c) Predicted values (evening peak)
Figure 2 Comparison of the actual and predicted values of energy
consumption in pure electric buses
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