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ABSTRACT Route scheduling is crucial for uninterrupted operation of modern bus fleets consisting of
electric buses. This paper proposes an exact route scheduling optimization model for centralized bus
depots based on mixed integer linear programming. In order to adjust to the current situation at many
electric bus depots, the model considers a heterogeneous fleet consisting of multiple types of electric buses
with different battery capacities. With additional charging scheduling the model can minimize the number
of buses charging simultaneously which directly leads to load peak reduction. This allows considering
further parameters, such as for example the grid capacity limit. The model can be used to minimize the
necessary number of buses, to define the optimum composition of the fleet as well as to minimize the
total cost of the fleet. The results show a clear cost advantage of operating a heterogeneous fleet as well
as the benefits of combined route- and charging scheduling. Timetables from five real depots from the
city of Hamburg in Germany were used as examples in this paper. Analysis of the proposed model using
real data can provide a valuable input to other transportation companies preparing for the electrification
of their fleet.

INDEX TERMS Charging schedule, electric buses, grid capacity, heterogeneous fleet, route scheduling.

. INTRODUCTION

ITH the inevitable increase of electric buses in the

fleets of bus operators worldwide, the problem of
route and charging scheduling becomes more important.
Compared to the diesel fleets, the electric buses pose new
challenges such as a shorter range due to the limited battery
capacity, significantly longer refueling (charging) time and
energy consumption which is highly dependent on param-
eters such as for example the ambient temperature [1]-[4].
These new requirements have a direct impact both on the
daily operation of such fleets as well as on their compo-
sition and cost. Including these properties into the existing
route-scheduling systems, such as making sure that the buses
have enough energy to cover their trips and enough time to
recharge, is crucial for uninterruptable daily operation of
electric bus fleets [5], [6]. The composition and cost of one
fleet is on the other hand also highly dependent on the route
scheduling, since it can lead to a smaller number of necessary
buses. Besides the route scheduling a further important aspect
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of the electric bus fleets is the charging scheduling. The
scheduling of the charging events has a significant effect on
the operational costs, design of charging infrastructure, the
expected load peak and the grid connection point [7]-[11].
Therefore, a combined strategy of both route- and charging
scheduling is necessary, especially for depots with limited
capacity available from the power grid.

The term “route scheduling” used in this paper is defined
as a case of the so-called Vehicle Scheduling Problem (VSP)
and has a goal to assign buses to an already predefined
timetable with trips. The VSP is a very well researched topic.
Additional constraints relevant to the electric bus fleets, such
as for example the battery charging and discharging, lead to
a special case of the VSP called Electric Vehicle Scheduling
Problem (E-VSP). Several authors proposed scheduling algo-
rithms for a variety of different specific problems, focusing
on different charging concepts and different fleet composi-
tions (homogenous or heterogeneous). While distinguishing
the charging concepts, the proposed solutions focus on the
battery swapping principle [12], [13], fast charging on chosen
stations and terminals (opportunity charging) [14]-[16] or
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TABLE 1. Overview of the relevant research regarding bus route and charging
scheduling.
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* Pure electric heterogeneous fleet consisting of electric buses of
different types and ranges/battery capacities

** Although the authors do not directly consider the grid capacity limit
they minimize the number of chargers which has a direct impact on the
grid connection

centralized charging (single or multiple depots or terminals).
In case of centralized charging, the bus depots are often
big and equipped with the charging stations with lower
power compared to fast opportunity charging. Further impor-
tant difference between the analyzed problems is the fleet
composition, such as a mixed fleet of electric and other
buses [17]-[21] or a pure electric fleet, which is shown in
a more detailed overview in Section II.

This paper focuses on a single centralized bus depot and
pure electric bus fleet consisting of different bus types. After
the introduction, there is an overview of relevant publications
in the same research field in Section II. The contribution of
this paper compared to other work is also given in this
section. The analyzed depots are presented in Section III.
Section IV provides an insight into the problem definition
and the methodology that was used. Results are shown in
Section V followed by a conclusion in Section VI.

Il. LITERATURE OVERVIEW

Studies concentrating on the route scheduling, as the problem
defined in this paper, are summarized in Table 1. The com-
parison is based on several characteristics such as the method
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(exact or heuristic), consideration of a heterogeneous fleet
(different types of electric buses), charging on additional ter-
minals besides one central depot, consideration of the grid
capacity and the ability to charge the buses only partially.
Janovec and Kohdni propose a linear programming (LP)
mathematical model to minimize the number of used buses
for a pure homogenous electric bus fleet [22]. Besides charg-
ing on the depot, they also allow charging on further chosen
terminals. Additionally they allow partial charging. Jefferies
and Gohlich propose among other things a greedy scheduling
algorithm for opportunity charging as well as for central-
ized depot charging, with the goal to minimize the total
cost of ownership (TCO) [14]. Olsen and Kliewer propose
a heuristic algorithm for scheduling trips of a pure elec-
tric fleet with the goal to minimize the overall costs [23].
In addition to the charging on one centralized bus depot,
buses can also charge on several further stops during the
trip. Messaoudi and Oulamara tackle the problem of bus
scheduling, allocations to the parking space at the depot
and charging schedule [24]. They propose a mixed integer
linear programming (MILP) model for very small instances
and a decomposition model (DM) for larger problems. In
case of exceeding the allowed grid capacity, the avail-
able charging power for the buses is reduced. van Kooten
Niekerk et al. propose a linear programming method as well
as column generation (CG) algorithm to minimize the total
cost of a pure electric bus fleet [25]. They also include
electricity cost and battery degradation into their models.
Wen et al. propose a method to minimize the number of
vehicles and the total traveling distances (total deadhead-
ing) using MILP and adaptive large neighborhood (ALN)
search [26]. They use a randomly created set of trips for the
analysis. Rogge et al. consider route scheduling while plan-
ning the number of necessary buses for different scenarios
and the number of necessary chargers at the depot [27]. They
use grouping genetic algorithm (GGA) and MILP formula-
tion to minimize the total cost of ownership. By additionally
scheduling the charging events, they avoid charging overlap-
ping and reduce the number of necessary chargers. Yao et al.
propose a heuristic solution method based on a genetic algo-
rithm (GA) with the goal to minimize the total scheduling
cost [28]. They consider multiple buy types with different
ranges. Tao and Avishai propose a heuristic solution to min-
imize the number of buses necessary for operation as well
as the number of chargers [29]. They use the deficit function
theory and adjusted maximum flow approach.

This paper proposes an exact route-scheduling
optimization model that can be applied for different
objectives such as the minimization of the number of buses
or the minimization of the fleet cost. The model focuses
on a scheduling problem with the following characteristics:
usage for both homogenous and heterogeneous fleets,
charging only on centralized depots and including partial
charging. Especially when considering heterogeneous fleets
with electric buses of different types and different battery
capacities there is only a few research published so far.
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FIGURE 1. Cumulative distribution of the trip length for the five analyzed depots.

This is, however, a very important aspect of future electric
bus fleets. Further contribution of this paper is an extension
of the model to include charging scheduling. The goal of
the combined route- and charging schedule is to minimize
the number of buses charging simultaneously and in that
way minimize the expected maximum load peak at the
depot. Rather than decreasing the charging power, the
optimization provides an optimum schedule of charging
events, shifting the charging to the time periods with less
load. By adding the charging scheduling into the proposed
model, it is possible to take the capacity of the grid at
the grid connection point into account. Further on, this
paper provides an analysis of the proposed optimization
model using real timetables of five bus depots in the city
of Hamburg in Germany. Providing a concrete study of
the existing timetables while considering the infrastructure,
charging and operation concept of future electric bus depot
in this city, can assist other fleet operators in the process
of the electrification of their fleets.

lll. ANALYZED DEPOTS

Five different bus depots (BD1 to BDS) with corresponding
timelines were chosen for the analysis in this paper. The
chosen examples are based on the bus depots with diesel
buses from the city of Hamburg. This city has decided to
completely electrify its bus fleet by the year 2030 [8]. Based
on this plan and for the purposes of this paper, it was assumed
that the five analyzed depots are completely electrified and
that the conventional buses can be replaced with electric
ones. All bus trips at these depots are circular, meaning
that buses start and finish their trips at the same depot.
Fig. 1 shows the cumulative distribution of the different trip
lengths and Fig. 2 the duration of those trips for the five
analyzed depots for a typical working day. As it can be seen,
there are only a few trips with the length under 50 km with
some trips going even up to 300 km. The majority of the trips
lasts between 5 and 15 hours. The vast majority of the trips
occurs during the day, with only a small number during the
night. All buses at the depots have their parking spaces with
the proper charging infrastructure. Just like at the already
existing electric depots in the city, the nominal charging
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FIGURE 2. Cumulative distribution of the trip duration for the five analyzed depots.

TABLE 2. Bus types available at the five analyzed depots with the corresponding
battery capacity.

Type 1 Type 2 Type 3 Type 4
Range in km L, 150 200 250 300
Bat. capacity in
216. 288. 1.11 433.
KWh C, 6.67 88.89 36 33.33
Acquisiion €St doe 33 64444 680.05 716,67
(in thousand €)

power in this paper is set to 150 kW. It is assumed that
the buses charge with constant power. Bus types b available
for the trips are summarized in Table 2. Battery capacity C
is calculated according to (1) based on their range L and
the assumption that the buses consume 1.3 kWh/km as the
worst case. The worst-case bus consumption can also be set
separately for each bus type if it differs, for example for
different battery types, different heating/cooling concepts or
for different producers. The buses should never go below
10% of the SoC (State of Charge) in the further analysis
in this paper, which is incorporated in the battery capacity
calculated in (1) with the factor 0.9.

C,=1Ly-13/0.9 (1)

The bus acquisition cost consists of the 500,000 € for the
vehicle and additional 500 € per kWh of the battery capacity.
Further costs, such as for example the cost for the charging
stations were not considered in this paper. The reason is
a relatively small share in the total cost, especially for the
big centralized depots such as the ones analyzed in this
paper [14].

IV. MILP DEFINITION AND METHODOLOGY

A small example of the route-scheduling problem is shown in
Fig. 3. There are two types of nodes. The first type of nodes
(starting with number 1) represents the initial positions of the
buses at the depot. The second type of nodes (starting with
number 1001) represent the bus trips. All trips are circular
as they start and finish at the same depot with a possibility
to charge before the next trip. Trip nodes have a depar-
ture and arrival time, length (kilometers) and a required bus
type. Connection between two nodes is feasible if they have
matching bus types and if the arrival of the first node is
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FIGURE 3. Graphical representation of the route-scheduling problem for a pool of buses with different battery capacities at the depot.

before the departure of the second one. Additionally, the
departure must occur within 15 hours (900 minutes) since
this is the maximum allowed dwelling time for the buses at
the depot. Two sets are calculated in the initialization phase,
set of all feasible arrival nodes A; where i € Njgg; and set
of all feasible departure nodes D; where j € N1 U Nygo.
Knowing that the node 1003 for example represents a trip
with the length of 170 km and having a problem as presented
in Fig. 3, these two sets for the node 1003 are defined as:

1) Aoz = {3, 4, 1002} — Feasible incoming nodes to the

node 1003 are 3, 4 and 1002. Incoming connection
from the nodes 1 and 2, for example, is not feasible
since these buses only have range up to 150 km and
the trip is 170 km long.

2) Dipo3z = {1004, 1005} — Feasible outgoing nodes from

the node 1003 are 1004 and 1005.

Using only feasible connections decreases the num-
ber of variables which can contribute significantly to the
computation time.

Table 3 shows all the relevant variables for the problem
definition.

A. BASIC CONSTRAINTS

Important part of the route-scheduling problem is the node
connections, defined with constraints (2)-(5). Each node must
have one incoming connection, meaning that each trip must
have one bus assigned to it, as defined in constraint (2). On
the other hand, the nodes do not need the have an outgoing
connection, as defined in constraint (3). For example, the
nodes at the end (last planned trip) do not have a further
connection.

ZRj,i=1§ Vi € N1go1 ()
JEAi
D Rji<1; ¥jeN UNo 3)
iGDj
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The capacity of the first initial nodes (<1000) is a fixed
parameter as it simply represents the capacity of the buses
Cp (defined in Table 2) at those nodes. For example, when
observing the problem in Fig. 3, this would mean that the
nodes 1 and 2 have the capacity of the bus with the range
150 km. The capacity of other nodes (>1001) on the other
hand is a variable and depends on the node connections
as defined in constraint (4). Using again the problem in
Fig. 3 as an example, this would mean that the nodes 1002
and 1003 have the same capacity if they are connected,
referring to the battery capacity of the one specific bus that
was assigned to both of them. This is particularly important
for the case where there are multiple bus types with different
battery capacities available at the depot.

iR )

Another relevant aspect of the route-scheduling problem is
the charging and discharging of the electric buses, defined in
constraints (5)-(11). The discharging depends on the battery
charge of the incoming node and the energy consumption of
the bus, as shown in constraint (5). For the route scheduling
purposes in this paper, the energy consumption of buses
during one particular day is calculated as a simple linear
function of the minimum daily temperature. However, more
complex methods for forecasting the bus consumption on
a specific route can be applied without any negative effect
on the optimization efficiency, since the consumption is only
an input variable. Initial nodes (<1000) are assumed to be
fully charged. When discharging, the buses are not allowed
to go under 10% of the total battery capacity, as specified
in constraint (6).

=1 then C; = Cy; Yie Nyo1, Vj €A

if Rj’i =1 then aC; = dC;j — Cons;;
YV ieNioi, VjeA; )
aC; > 0.1-C;; Vie Nior (6)
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TABLE 3. Overview and definition of variables used for the MILP.

Variable Variable description
N Set of all nodes representing the initial position of the buses at
the depot with the ID number from 1 to 1000.
Nyor Set of all .nodes representing the trips, nodes with the ID
number bigger or equal to 1001.
i Node representing only the trip nodes, i € Nygo;-
. Node representing both the initial bus and the trip nodes, j €
/ N; U Njgos-
Node index representing only the initial bus nodes at the depot,
" n€N;.
A; Set of all feasible arrival nodes connected to the node i.
D; Set of all feasible departure nodes connected to the node ;.
Binary variable representing the relationship between two nodes
Jjand i, where R;; = R; ;. The variable has a value of 1 if the
nodes are connected and 0 otherwise. This binary variable is
R;; defined only for the nodes that have a feasible connection, as
defined in the sets 4; and D;. Relationship between the nodes
with all three indices 7, j and n can be represented with this
variable.
Battery capacity of a particular node j. Nodes are assumed to
G have capacity, which indeed represents the battery capacity of
the bus that was assigned to them.
aC; Battery charge of the node 7 upon the arrival of the bus in kWh.
dc Battery charge of the node j before the departure of the bus in
kWh.
chT; Total charging time of the bus at the node i in minutes.
Energy consumption of some node i in kWh. Default
cons, consumption is set to 1.3 kWh/km.
P Charging power at the charging stations (set to 150 kW).
Cost, Cost of the bus at the node n. This variable is defined only for
the initial bus nodes at the depot.
Binary variable for every node i with the value 1 if the time one
X bus needs to fully charge on that node is bigger than the time it
has before the next departure (regardless of the battery charge).
End; Charging end (minute) of the node i.
Start; Charging start (minute) of the node i.
Binary decision variable for each simulated minute # and node i
Yt ith the value 1 if Start; < ¢.
Binary decision variable for each simulated minute ¢ and node i
A ith the value 1 if End, > ¢.
aT; Fixed arrival time for node i as defined in the timetable.
dT; Fixed departure time for node j as defined in the timetable.
T Set for the total analyzed time window, defined in one minute
time step.
cLimit  Limit for the number of buses charging simultaneously
w Weight factor used for additional minimization of cLimit

* All of the variables with the index j can also have indices 7 or n,
depending on the constraint. Exact meaning of indices is defined in each
constraint.

The charging depends on the total available time on the
node (in minutes), charging power and charging efficiency
which is set to 95%, as shown in constraint (7).
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P
dC; = aC; + chT; - @ -0.95; Vi € Nioo1 @)

The charging time must be chosen carefully. On one hand, it
cannot be longer than the total available time at the node (time
between the arrival and the next planned departure). On the
other hand the time cannot be bigger than the time necessary
to fully charge the battery. This is defined in constraints (8)
and (9). Making sure that the charging time always equals to
the smaller one of these two values (time until fully charged
or time until departure) is guaranteed with constraints (10)
and (11), the so-called “big M” constraints. The big M in
constraint (10) is set to 180 (minutes), since this is the
theoretical maximum time one bus would need to fully charge.
The big M in constraint (11) is set to 900 since this represents
the maximum time distance between two nodes (15 h or
900 minutes). The binary variable x; takes the value 1 for the
case where the time one specific bus needs to get fully charged
is bigger than the time it has before the next departure.

(Ci—aC,’) - 60 .
hl; < ————; VieN 8
chTi = —5 55 i € N1oo1 3
l'f R,',j =1 then chT; < de —aTl; —1;
Vi € Nigo1, Vj € D; 9
;s G =aCD 60 ey vien (10)
chT; > ——— — - Xx;; Vi
i = P.095 i 1001
if Rij=1
then chT; > (dTJ —aTl; — 1)
— 900 - (I —x;); Vie Nioo1, Vj € D;. (11)

B. GRID CAPACITY CONSTRAINTS

For the case where there is a limited grid capacity for the depot,
itis necessary to schedule the charging events of the buses with
respect to this limit. In this paper, the grid limit is defined as the
maximum allowed load peak or the maximum number of buses
allowed to charge simultaneously. This is possible since all of
the buses charge with the same charging power (150 kW) and
the charging process is considered to be linear, meaning the
charging is implemented with constant power. If neglecting
the electrical loses within the depot itself, the number of
buses charging simultaneously is therefore considered to be
directly proportional to the load peak in this paper. Taking the
grid capacity limit into consideration is implemented within
constraints (12)-(18). Charging end of some node depends
on its charging start and the charging time, as shown in
constraint (12). Charging start and charging end are also
limited with the arrival and departure time, respectively, as
defined in constraints (13)-(15). Charging end must be before
the next planned departure as shown in constraint (13). For
the final nodes, that do not have any further connections, the
charging end must be within 15 hours upon arrival, as shown
in constraint (14). Charging start must be after the arrival
time, as defined in constraint (15).

End; = Start; + chT;; Vi € Nigo1 (12)
if R,',j =1 then End; < de; Vi € Nigo1, Vj € D; (13)
End; < aT; +900; Vi € Nigoi (14)
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Start; > aT;; Vi € Nioo1 (15)

After the charging start and charging end have been
defined, it is necessary to see how many buses are charging
at each single minute. This can be achieved with the binary
decision variables y; ; and z;; as defined in constraints (16)
and (17). Once again, the value of 900 as the maximum time
distance between two nodes (15 h) was chosen for the big M
constraint (17). Limiting the total number of buses charging
simultaneously in one minute cLimit is implemented with
constraint (18). The cLimit can be a predefined constant in
which case the optimization will try to schedule all charging
events while respecting this limit. This is the case in which
the depot operator needs to respect a given grid capacity
limit at the grid connection point. On the other hand, cLimit
can also be a variable and a part of the objective function
as shown in Section IV-C. In this case the load peak on
the depot will be minimized, often below the actual grid
capacity limit.

(t+1)- (1 —yis) < Start;; Vi€ Nigo1, V1 €T (16)
End; —t+1 <z;,-900; Vi€ Njoo1,¥teT  (17)
3" yistzie— 1 < cLimir; Vi€ T. (18)

i€N1001

C. OBJECTIVES

Minimization of the number of buses can be achieved with
objective (19). The number of buses can be minimized
regardless of the composition of the fleet, homogenous or

heterogeneous.
nin Y YR

neN; ieD,

Another interesting goal especially for the case of a hetero-
geneous fleet is the minimization of the total purchasing cost
as shown in objective (20). Since the buses with a smaller
battery capacity also cost less, looking for an optimum num-
ber of buses with different capacities can significantly reduce
the total purchasing cost of the fleet.

min Z Z Ry, - Costy,

neNy ieDy,

Minimizing not only the cost but also the number of buses
charging simultaneously can be achieved by simply adding
the variable cLimit to either objective (19) or objective (20).
Example of adding this variable to objective (20) is shown
in (21), where w is the weight factor defining the importance
of the cLimit in the total objective. For the purposes of this
paper, the weight factor was set to 1.

min Z Z R,.; - Cost, 4 cLimit - w.

neNy ieD,

19)

(20)

ey

V. RESULTS

The MILP problem defined in this paper was implemented in
Python 3.7 using Gurobi 9.0.1 solver on a machine with Intel
Core 17 2.7-2.9 GHz, 16 GB RAM and 2 cores. Fig. 4 shows
an example output for one bus depot. For every chosen bus,
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TABLE 4. Summary of the inputs used for the minimization of the five analyzed
depots.

2 o Number of buses with
g e g g different range available at
- < E :‘.S é £ - the depot
g g% S22 2%
T3 o E 150 200 250 300
é 5= z °  km km  km  km
S1 - - - 33
BD1 68 H S2 17 11 4 3
S1 - - - 48
BD2 101 60 ) > 2 5 3
S1 - - - 66
BD 1
3 38 83 S2 32 19 12 7
S1 - - - 88
BD4 178 107 S2 44 17 21 11
S1 - - - 112
BDS 240 140
S2 50 26 29 14

the schedule shows the corresponding trips (blue blocks) and
charging events (green blocks). The effect of grid constraint
and charging scheduling is obvious when observing the green
charging blocks. In the case without grid constraint, the
charging takes place immediately after arrival to the depot
and the green blocks are connected to the blue ones, as
shown in Fig. 4a. For the case with the grid constraint, the
green blocks take the best possible position to avoid mutual
overlapping as shown in Fig. 4b. Time window for charging
scheduling can be limited to the evening hours as further
explained in Section V-B.

Two different cases are analyzed for five different depots
in this paper, homogenous and heterogeneous fleet. The ini-
tial number of buses for the homogenous fleet (S1) is 80%
of the number of trips in one day. For the heterogeneous
fleet (S2) defined in (22), the initial number of buses B; is
determined separately for every analyzed range 1 based on
the number of trips with that range 7r; and the total number
of trips in one day t7r:

B, = Tr; + MF, - tTr; VI € {150, 200, 250, 300} (22)

Based on the experience from the analysis of several bus
depots in this paper, the multiplication factor MF was set to
5% for the ranges 200, 250 and 300 km and to —30% for
the range of 150 km. A summary of initial available buses
for the optimization for each depot and for both fleet com-
positions is given in Table 4. In the case of a homogenous
fleet, all buses have the range of 300 km. This is neces-
sary since there are several trips with the length between
250 and 300 km. The total observed time for the scheduling
is from the first trip, which is usually around 3 AM until
12 PM on the following day. This leads to an average total
time window for scheduling of 33 hours. Scheduling beyond
the 24 hour-frame is important to make sure that the buses
charging overnight can indeed charge enough to cover the
trips on the following day.

The optimization model proposed in this paper can be
used for scenarios with or without grid capacity limitation.
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FIGURE 4. Example of an output schedule for one depot showing the trips and the charging events for the chosen buses: (a) for the case without grid capacity limit and

charging scheduling; (b) for the case with grid capacity limit and charging scheduling.

Accordingly, the results are split into two parts. In the first
part, using the cost minimization an optimum number of
buses is determined. In the second part, the grid capacity
limit is taken into account.

A. MINIMIZING THE COST

The cost optimum number of buses based on the inputs
defined in Table 4 is shown in Table 5. The Gurobi set-
tings were adjusted to find the best objective in the shortest
possible time. As it can be seen from the resulting gap
(difference between the lower bound and the best objec-
tive) in Table 5, not every solution reached 0% gap in the
shown computation time. This is due to the user defined
termination criteria. Based on the experience from analyz-
ing different scenarios and different depots, the criteria for
terminating the optimization in this paper were set to 60 s
without any change in the best objective, for the cases
where the gap is already under 1%. These criteria were
applied for bus depots BD2, and BD4, for the scenario S2.
Besides this user defined termination criteria, the solver also
stops when reaching 0% gap, which was the case with the
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bus depots BD1, BD3 and BDS5. In fact all of the ana-
lyzed cases, even BD2 and BD4, eventually reached the
0% gap, as shown for the example of BD4 in Fig. 5. For
this case, the Gurobi settings were adjusted to focus on
proving optimality, instead of looking for the best objec-
tive in the shortest possible time. As it can be seen, the
optimum solution (best objective) was found after 170 s.
The lower bound continued to change until eventually after
632 s the gap reached 0%. This was the case for the bus
depots BD2 as well. The user defined termination criteria was
introduced to decrease the total computation time and did
not affect the optimum solution for any of the analyzed
cases.

As expected, the computation time grows with the problem
size. For the homogenous fleet it took from 1.2 to 13.8 s to
solve the optimization problem, depending on the complexity
of the depot. For the heterogeneous fleet, the computation
time was from 8.8 s to 167.1 s, depending on the depot.
The computation time is the total time needed to reach the
optimum schedule, including initialization, model building,
solving and plotting the results.
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FIGURE 5. Elapse of the computation time for the bus depot BD4 and scenario S2,
showing the best objective and best bound until the gap reaches 0%.

TABLE 5. Optimum purchasing cost and number of different bus types for the five
analyzed depots.

® s .
= Resulting number of g § i
e . 2 buses with different g2 =
5 B £ &= g
g & = range at the depot R 3
s - 8 O £
€ 7150 200 250 300
= km km km km
S1 17200 - - - 24 12 0.0
BDI — !
S2 15177 13 7 3 1 882 0.0
S1 . - - - . .
Dy 25083 35 304 00
S2 2255 16 8 6 5 7289 0.32*
1 } - - - } .
ST ooy 33683 47 535 0.0
S2 29819 26 11 7 3 9414 00
S 45. - - - 4 11 .
D4 23867 6 89 0.0
S2 41569 27 9 20 8 10551 0.56*
SI s 06650 - - - 93 1389 00
S2 59.644 44 20 22 7 16714 00

*The gap did not reach 0 % in the shown computation time because of
the user defined termination criteria

It is interesting to observe that the heterogeneous fleet,
consisting of buses with different battery capacities, lead to
lower costs. The difference in cost between the homogenous
and heterogeneous fleet grows with the depot size. While
for the BDI it was 2 Mio. €, for the BDS5 the difference
reached an amount of 7 Mio. €. This shows the advantage
of operating a mixed fleet of buses with different capacities.
Fig. 6 shows a comparison of the trips and optimum fleet
composition for the five analyzed depots. The bar on the
left side for each depot represents the number of trips with
different ranges. The bar on the right side for each depot
represents the optimum heterogeneous fleet with the number
of buses for each analyzed range. As it can be seen, the
number of buses with the ranges 200, 250 and 300 km was
kept to the minimum and corresponds approximately to the
number of trips with that same range. The number of buses
with the range 150 km was significantly smaller compared
to the number of trips with that range for all depots. This
can be explained by the numerous trips with a relatively
small distance on each depot, meaning that one bus with the
range of 150 km usually covers several smaller trips during
one day.
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FIGURE 7. Number of buses charging simultaneously for the five analyzed depots,
without optimized charging schedule.

B. OPTIMIZATION CONSIDERING THE CAPACITY LIMIT
The grid capacity limit in this analysis is defined as the
maximum number of buses that are allowed to charge simul-
taneously. Two possible approaches to including this grid
capacity into the route and charging scheduling were ana-
lyzed in this paper. One approach is to include the number
of buses charging simultaneously into the objective and min-
imize it together with the cost of the fleet. This approach
leads to a combined cost and load peak minimization on the
depot. Other approach is to only minimize the cost while
considering the grid capacity as a predefined constant. This
approach is suitable for depots where the capacity limit at the
grid connection point is a well-known and fixed parameter.
The number of buses charging simultaneously without any
consideration of the grid capacity limit is shown in Fig. 7 for
one whole day.

Several additional variables need to be added to the
MILP formulation in order to include the capacity limit, as
shown in Section IV. Since every single minute is simulated,
for all available buses, these additional variables lead to
a significant increase in the problem complexity and the
computation time.

In order to deal with this problem, two simplifications
were implemented. The first simplification is a limited time
frame in which the grid capacity is considered (for either
one of the two mentioned approaches). Depending on the
size and properties of the depot, the majority of the load
can occur during the night hours, from 6 PM until 4 AM
on the following day. This is obvious for the example for
depots 2, 4 and 5 in the Fig. 7. Therefore, the grid capacity
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TABLE 6. Optimum number of buses for the five analyzed depots with a predefined grid capacity limit.

Minimizing both the cost and the number of buses

Minimizing the cost with a fixed allowed number of

S Nunllfqzrr O-f buses charging simultaneously - Variant A buses charging simultaneously - Variant B
3 g3 chasing
§ &’ é. Sl$§}:§3:’2ﬁﬂy Minimum number of Computation Gap Al}l)owed Tluml?er of Computation Gap
3 charging schediling b-u ses charging time in in % sil:riﬁ?th::)ing time in in %
simultaneously seconds y seconds
BD1 S1 7 3 6.18 0 5 2.96 0
S2 7 3 81.32 0 5 18.54 0
BD2 S1 14 5 28.42 0 7 5.20 0
S2 14 5 109.39 0.31* 7 79.31 0.38%*
BD3 S1 12 6 121.87 0.29%* 9 13.32 0
S2 12 6 402.63 0.40%* 9 78.80 0
BD4 S1 21 10 150.56 0.42% 13 16.08 0
S2 21 10 289.31 0.87* 13 81.37 0.87*
BDS S1 27 12 267.89 0.58%* 19 33.12 0
S2 27 12 492.69 0.71%* 19 155.37 0

*The gap did not reach 0 % in the shown computation time because of the user defined termination criteria

limit can also be observed only during this time period. In
this case for the buses that arrive during the observed time
period (6 PM — 4 AM) the solver looks for an optimum start
of the charging process. The buses that arrive outside of the
observed time period, charge immediately upon their arrival
to the depot. This is demonstrated with the time window for
charging in the Fig. 4. Reducing the observed time period
can lead to a significant decrease of the computation time.
For the depots where there is a rather equal distribution
of load during the day and night, for example depots 1
and 3 in Fig. 7, this simplification cannot be applied. The
second simplification is the observed time step. This affects
directly the constraints (16)-(18) and the set of analyzed
time units T. Instead of using a set T with 1-minute time
step, it is possible to increase the step an observe 10 minute
blocks. This would mean, that instead of calculating the
number of buses charging simultaneously in every single
minute, the optimization focuses on this number in every
block of 10 minutes. This action also leads to a significant
decrease of computation time and on the other hand, did not
show any negative effects on the resulting objective. Both
fleet compositions are analyzed in this section, just like in
the previous one, homogenous (S1) and heterogeneous (S2).
Initial conditions at the depot are also the same as in the
previous section, as summarized in Table 4.
Table 6 shows the results for two different variants:

e Variant A - Minimizing both the cost and the number
of buses charging simultaneously

e Variant B - Minimizing the cost with a fixed allowed
number of buses charging simultaneously. This number
was calculated as 20% of the optimum fleet size for
each depot

All of the analyzed cases resulted in the same number
of optimum buses like in the previous section, shown in
Table 5. However, the computation time increased. When
minimizing both the cost and the number of buses charging
simultaneously, for the homogenous fleet it took from 6.1 s
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to 267.8 s to solve the optimization problem, depending on
the complexity of the depot. For the heterogeneous fleet, the
computation time was from 81.3 s to 492.6 s, depending on
the depot. Especially the case of the heterogeneous fleet for
the depots BD3 and BD5 required significantly more com-
putation time, compared to the results in the previous section
without the grid capacity limitation. When minimizing only
the cost, with a fixed predefined number of buses charging
simultaneously, the computation time was smaller. For the
homogenous fleet it took from 2.9 s to 33.12 s and for the
heterogeneous fleet it took from 18.54 s to 155.37 s to reach
the optimum solution.

The effect of the charging scheduling can be seen in Fig. 8,
showing the number of buses charging simultaneously for
on whole day on the BD5. The figure gives a comparison of
three different charging scheduling approaches analyzed in
this paper. While minimizing the cost only and not consid-
ering the grid capacity the peak number of buses charging
simultaneously was 27. When considering the grid capacity,
the peak number was 19 when using a fixed predefined limit
(20% of the total number of buses at the depot) and 12 when
minimizing both the cost and the number of buses charging
at the same time.

It is interesting to observe in the Fig. 8 how the charg-
ing without any intelligent charging scheduling and with
a fixed allowed number of buses in the variant B ended
around 4 AM. For the variant A, when minimizing the
number of buses charging simultaneously, there are buses
charging even until 7:20 AM. This is due to do the fact
that in the variant A, the solver used the maximum of
the potential for shifting the charging events. Several of
the buses charged up to a few minutes before their depar-
ture. The potential for charging event shifting is for the
analyzed BDS5 indeed significant. A total of 33 trips have
their departure time between 6 AM and 7:30 AM which
means that the buses assigned to these trips can charge even
long beyond the last charging event at 4 AM shown for the
variant B.
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FIGURE 8. Number of buses charging simultaneously for the BD5 for three different
approaches to charging scheduling.

In this paper, there was no time limit for the buses
regarding the end of their charging. However, based on the
experience of bus fleet operators, this time limit can be eas-
ily set. This would mean that for example buses need to
finish charging at least 10 minutes before their departure to
account for all of the procedures that need to be conducted,
before the bus actually leaves the depot.

C. COMPARISON WITH OTHER MODELS AND
ALGORITHMS
Comparing the efficiency of the optimization model proposed
in this paper with other proposed models and algorithms in
the literature is not straightforward. The best indicator of the
efficiency is the computation time. However, this depends
strongly on the size of the problem (number of trips and
buses), observed time window, properties of the computer
used for optimization and other parameters. Table 7 gives
an overview of the results with the publications that can be
considered most similar to this paper and that focus on exact
solutions. Heuristic algorithms are not considered for the
comparison. Janovec and Kohéni propose an exact solution
based on LP and demonstrate the results with 4 different
scenarios [22]. Meassaudi and Oulamara propose a MILP
and a decomposition model [24]. MILP did not manage to
solve even the smallest instance and the results demonstrated
in the paper were calculated using the decomposition model.
van Kooten Niekerk er al. demonstrate the results of their
proposed LP model using 4 different scenarios [25]. For all
of these scenarios, they run the optimization once for the
buses with a battery capacity of 122 kWh and once for
244 kWh. While the capacity of 122 kWh gave very good
result, with a solution up to 4 s, the 244 kWh capacity needed
up to 894 s. Wen et al. use among other methods a MILP
model and demonstrate results on a randomly created sets of
trips [26]. For the biggest case of 30 trips, the optimization
managed to provide a result in a time range from 2.4 to
1107 s. Not all of the cases reached optimality. Those who
did reach it resulted in an optimum fleet of 7 to 10 buses.
All of the proposed solutions in Table 7 are for
homogenous fleets. Additionally, only Meassaudi and
Oulamara consider a grid capacity limit. To the best knowl-
edge of the authors, there is no similar work proposing an
exact solution and in the same time also demonstrating the
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TABLE 7. Comparison of the optimization model proposed in this paper with similar
proposals in other publications.

No. No. Observed
Author of of time Computation time
trips  buses  window
Depending on the
49 4 24h number of chargers from
Istoll.ls
Depending on the
Janovec 71 4 24h number of chargers from
and 79st081.3s
Kohani Depending on the
[22] 83 5 24h number of chargers from
429st075s
Depending on the
160 9 24h number of chargers from
1194.6 st0 4182.5 s
. From 0.1 sto 105 s
Messaudi . P,
and 10- 12- using the decomp051_t10n
24h model and calculating
Oulamara 130 150
[24] the lower bound for up
to 1h
Van 241 14 32h From 4 s to 464 s
Kooten 127 8 32h From 0 sto 104 s
Niekerk 175 7 32h From 0 s to 326 s
etal. [25] 543 29 32h From 4 s to 894s

2.4 sto 1107 s (different
random scenarios, not
all of them reached
optimum)

Wen et
al. [26]

results for a heterogeneous electric fleet published so far.
The most similar publication to the presented approach in
this paper, focusing on the number of buses charging simul-
taneously, is Rogge et al. [27]. They however analyze a more
complex problem and use a heuristic approach. They also do
not state the necessary computation time in their publication
which would allow a relevant comparative value.

VI. CONCLUSION

This paper proposes a MILP based route scheduling model
for centralized large-scale electric bus depots. The model can
be used for the cost minimization as well as the minimization
of the number of buses in a fleet. In a response to the
mixed fleets of different electric buses, with different bat-
tery capacities, as seen on many depots in reality, the model
in this paper considers both homogenous and heterogeneous
fleets. Additionally, the grid capacity limit at the grid con-
nection point can be included in the scheduling process. For
this purpose, the model focuses not only on the route but
also on the charging scheduling. By scheduling the charg-
ing events, the optimization model can minimize the number
of buses charging simultaneously and in that way directly
reduce the expected load peak which is critical in case of
a limited grid capacity at the connection point. The efficiency
of the proposed solution is demonstrated on five real depots
from the city of Hamburg in Germany. Due to the usage of
concrete timetables of existing depots, as well as operation
concepts based on real electric bus depots already imple-
mented in Hamburg, the analysis in this paper can provide
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valuable inputs to other transportation companies planning
the electrification of their fleets.

While minimizing the cost of the fleet, without the grid
capacity limit, the model managed to give optimal solution
for all of the five depots, homogenous as well as heteroge-
neous scenario, within the computation time from 1.2 s to
167.1 s. For the biggest depot BD5, the heterogeneous fleet
resulted in 7 Mio. € smaller purchasing cost, compared to
the homogenous fleet. This shows the advantage of operating
a mixed fleet of buses with different capacities.

Minimizing the cost while taking the grid capacity limit
into account resulted in longer computation time. Two sce-
narios were observed in this case, minimizing both the cost
and the number of buses charging simultaneously and mini-
mizing the cost while considering a predefined fixed number
of buses allowed to charge simultaneously. For the first case
the computation time was from 6.1 s to 267.8 s for the
homogenous and from 81.3 s to 492.6 s for the heteroge-
neous fleet. The second case on the other hand results in
a computation time from 2.9 s to 33.12 s and from 18.54 s
to 155.37 s for the homogenous and heterogeneous fleet
respectively.

The short computation time allows the usage of the
proposed scheduling model in the design phase upon
purchasing of the fleet, but also in daily operation.

Charging process in this paper is assumed to be linear, with
a constant charging power. This can lead to underestimation
of the total charging time. Integration of realistic charging
curves in the model is a part of the future work.
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