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ABSTRACT

Inrecent years, increasing CO; emissions and resource utilization has adversely affected the environment. Sustainability efforts have
been initiated to decrease these effects, including environmentally friendly electric vehicles in vehicle fleets used for transportation.
The electric vehicle routing problem (EVRP) has emerged in the literature, and numerous studies have been conducted, considering
specific constraints related to electric vehicles. Due to various charging feature constraints, EVRP diverges from the classical
vehicle routing problem (VRP) and becomes more complex. In addition to the load capacity constraints of classical VRP, electric
vehicles must deliver products to customers via an optimal vehicle route while considering battery capacity limitations. This
study addresses the integrated single-machine scheduling and electric vehicle routing problem. After scheduling and processing
customer product requests on a single machine, electric vehicle routes must be created to deliver these products to customers. To
meet customer expectations, the objective function of the problem aims to minimize the costs associated with customer product
delivery delays. Two mathematical models, i.e., mixed-integer linear programming (MILP) and constraint programming (CP)
models, are presented to solve this problem. The results and performances of these models are compared on a set of instances.
Numerical results indicate that the CP model has superior performance than the MILP model for the problem.

Keywords: Electric vehicle routing, single machine scheduling, mixed-integer linear programming, constraint programming,
integrated scheduling and routing

1. Introduction

In recent years, increasing resource consumption, CO2, and greenhouse gas emissions have led to serious problems such
as environmental pollution and global warming. Efforts to reduce and prevent these environmental damages aim to promote
sustainability practices and reduce carbon footprints. Due to the harm caused by traditional vehicles that consume fossil fuel,
sustainability initiatives are being implemented to change the vehicle fleets used in the transportation sector. In place of traditional
vehicles causing air pollution, and high fossil fuel consumption, environmentally friendly electric vehicles with very low emissions
have started to be included in vehicle fleets. Due to their low energy consumption, the trend towards electric vehicles is expected
to increase even further in the near future.

Electric vehicles have some structural and technical characteristics that differentiate them from traditional vehicles; thus, their
routing decisions also vary. The electric vehicle routing problem (EVRP) has battery capacity constraints besides the load capacity
constraints observed in the classical vehicle routing problem (VRP). Thus, electric vehicles have to frequent battery charging
locations along their route for battery charging, making electric vehicle routing decisions more challenging and complex than the
classical vehicle routing decisions.

In the considered problem in this study, products requested by customers are scheduled on a single machine in the desired
quantity. After processing the customer requests on a single machine, it is necessary to distribute them to customers using
electric vehicles. Thus, in this study, the integrated single-machine scheduling and electric vehicle routing problem (SM-EVRP)
is addressed. The objective function of the studied problem aims to minimize the costs associated with delays in customer product
delivery to meet customer expectations. To address this integrated problem, a Mixed-Integer Linear Programming (MILP) model
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and a Constraint Programming (CP) model have been developed. The developed mathematical models are tested on various-sized
instances and their solutions are compared to assess the performance of the mathematical models.

In the literature, single-machine scheduling problems have been extensively addressed for many years, enriched with various
constraints and objective functions. Koulamas (2010) presented a literature review for the single-machine scheduling problem
(SMSP) with total tardiness criterion. When the studies on the SMSP with tardiness objective are examined; it is seen that various
exact and heuristic solution methods have been presented for addressing this problem. Tanaka and Araki (2013) studied the SMSP
with sequence-dependent setup times (SDST) that minimized total weighted tardiness for jobs, which was solved using a dynamic
programming—based algorithm. Similarly, Luo and Chu (2006) studied the SMSP with SDST to minimize total tardiness and
proposed the branch-bound algorithm to solve the problem. Ozcelik et al. (2022) studied the SMSP with stochastic SDST, where
the objective of the problem is to minimize the total expected setup, earliness, and tardiness costs. Liao and Juan (2007) studied
the SMSP with SDST. The problem aims to minimize total weighted delay, and an ant colony algorithm was proposed for the
problem.

The demand for electric vehicles has steadily increased given the increasing importance of sustainability efforts in today’s world.
In this line, the EVRP has emerged in the literature. Numerous studies have been conducted on the routing of electric vehicles
with various charging characteristics. In the study conducted by Kucukoglu et al. (2021), a detailed literature review is presented
for EVRP. As seen from the literature review of Kucukoglu et al. (2021), the EVRP with a single depot has been extensively
examined in the literature regarding various constraints. For instance, Keskin and Catay (2016) studied the EVRP with time
windows and a single depot to minimize the total distance. The authors proposed an adaptive large neighborhood search algorithm
for solving the problem. Kiigiikoglu and Oztiirk (2016) studied the EVRP with a heterogeneous fleet located at a single depot and
proposed a mixed-integer mathematical model to minimize the route lengths of electric vehicles. Bruglieri et al. (2015) studied
the EVRP with time windows and a single depot and proposed a mixed-integer mathematical model and variable neighborhood
search branching to solve the problem. Schneider et al. (2014) studied the EVRP with time windows and a single depot. They
proposed a mixed-integer programming model and a hybrid heuristic algorithm using a tabu search and a variable neighborhood
search. Felipe et al. (2014) also studied the EVRP with multiple charging technologies and partial recharges. The authors proposed
a simulated annealing framework and local search techniques for solving the problem.

Studies integrating machine scheduling problems and VRP have become widespread in the literature, especially in recent years.
In the studies by Berghman et al. (2023) and Moons et al. (2017), a literature review has been conducted on integrated scheduling
and VRP. As seen from these literature reviews, there are studies on integrated single-machine scheduling and VRP without
considering electric vehicles. He et al. (2022) studied integrated SMSP and VRP and presented a mixed integer programming
model. The objective of the problem is to minimize the weighted sum of delivery times of customers as well as distribution costs.
The authors proposed an enhanced branch-and-price algorithm for solving the problem. Long et al. (2022) studied integrated
SMSP and VRP. A multi-objective optimization model has been considered to minimize the total holding, distribution, and
tardiness costs. The authors proposed a level-based multi-objective particle swarm algorithm to solve the problem. Wang et al.
(2019) addressed the integrated SMSP and VRP with heterogeneous vehicles to minimize the total cost and carbon emissions and
proposed a tabu search algorithm to address the problem. Jamili et al. (2016) studied the integrated SMSP and VRP and presented
an integer linear programming model. The objective of the problem is to minimize the average delivery time and total distribution
cost. The authors proposed a tabu search metaheuristic and local search algorithm to solve the problem. Li et al. (2016) presented
an integer programming model for the integrated SMSP and VRP. The problem aims to minimize delivery costs and waiting time
of customers. They proposed a non-dominated genetic algorithm with elite strategy for solving the problem. Low et al. (2014)
also studied the integrated SMSP and VRP and presented an adaptive genetic algorithm. However, to the best of the authors’
knowledge, no study integrates single-machine scheduling with EVRP in the literature.

The VRP has been studied for years in the literature. Various variants have led to the development of not only MILP models
but also CP models. Oztop, Kizilay, and Cil (2021) studied periodic VRP with time window constraints and proposed MILP and
CP models to solve the problem, aiming to minimize the total travel time. Yiiksel et al. (2021) studied the milk delivery problem.
MILP and CP models were developed to solve the problem to minimize the total cost arising from fuel consumption and delays. Ha
et al. (2020) studied the VRP with synchronization constraints. A CP model and an adaptive large neighborhood search algorithm
were presented. Hojabri et al. (2018) studied a VRP with time windows. A CP model and a large neighborhood search algorithm
were proposed as the solution method. Also, Oztop (2022) proposed a CP model for the open VRP. However, the number of
studies developing CP models for the EVRP is quite limited. Booth & Beck (2019) addressed the EVRP with time windows and
developed MILP and CP models for addressing the homogeneous fleet problem. Lam et al. (2022) studied the EVRP with time
window constraints to minimize the total cost, for which a CP model and branch-cut-price algorithm were proposed.

Due to increasing costs in today’s conditions, solving production planning and product distribution problems effectively has
become increasingly important to reduce the associated total costs. In the literature, these problems were solved in an integrated
manner for various industrial applications. For instance, the integrated production scheduling and distribution problem has been
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addressed for perishable products in the studies of Farahani et al. (2012), Chen et al. (2019), and Devapriya et al. (2016). Since
perishable products are time-sensitive, integrated scheduling is important in these production systems (Ulrich 2013; Moons et al.
2017). Integrated production scheduling and distribution have also been applied to other industries such as furniture manufacturing
(Mohammadi et al. 2020), metalworking (Wang et al. 2019), and metal packing (Fu et al. 2017) industries. Similarly, in the literature,
some studies involve industrial applications for the EVRP. For instance, Zhao et al. (2020) studied the EVRP in cold chain logistics
for the distribution of fresh products. Zhao and Lu (2019) addressed a real-world EVRP for a logistics company. By integrating
electric vehicles in fleets, industries can considerably reduce distribution costs and carbon footprint. Owing to the environmental
benefits of electric vehicles, it is expected that the usage of electric vehicles in the industry will increase in the future. As a result,
regarding the industrial applications of integrated production and distribution scheduling problems and EVRP, it can be said that
the integrated SM-EVRP discussed in this study can be applied in various industrial sectors.

As mentioned above no study integrates single-machine scheduling and EVRP in the literature. Thus, this study considers the
integrated single-machine scheduling and EVRP for the first time in the literature. Moreover, novel mathematical models, i.e., the
MILP and CP models, are proposed to address this complex problem. The problem being studied distinguishes itself from other
works in the literature with these characteristics. Therefore, this study contributes to both the literature on integrated production
and distribution problems and the literature on EVRP. In terms of managerial insights, the proposed models can provide effective
solutions for the integrated SM-EVRP of companies and help managers to accelerate their sustainability efforts in product delivery
while ensuring customer satisfaction. As the integrated problem is being studied for the first time, this study is expected to serve
as an important resource for future researchers. The contributions of this study can be listed as follows:

The integrated SM-EVRP has been addressed to minimize customer product delivery tardiness costs.
A MILP model is developed for the integrated SM-EVRP.

A CP model is proposed for the integrated SM-EVRP.

The performance of the mathematical models is tested on a set of various-sized instances.

The subsequent sections of this paper have been planned as follows: In the second section, a detailed problem definition of
the addressed problem is provided, clarifying the related assumptions of the problem. In the third section, the formulations for
the developed MILP and CP models are presented. In the fourth section, the numerical results of the mathematical models are
presented for comparing their performances. The study is summarized and concluded in the fifth section.

2. Problem Definition

In the SM-EVRP, products requested by customers (jobs) are produced on a single machine. After the completion of the
processing of jobs on the machine, these products are distributed to customers using electric vehicles. The SM-EVRP aims to
obtain the job processing order and a route plan for electric vehicles that minimize the costs associated with delays in customer
product delivery. The detailed assumptions for the SM-EVRP are as follows:

There is a single machine in the production system.

The processing times of jobs are independent of the job processing order and are known at the beginning.

All jobs are ready at the beginning.

At a time, the machine can produce only one job.

The job processing times cannot be divided.

The setup times of jobs are independent of the job processing order and are involved in the processing time.

Each electric vehicle’s route must start and end at the depot.

Each customer must be visited by precisely one electric vehicle.

Electric vehicles can visit a battery charging station between any two nodes on their route to recharge their batteries.
Electric vehicles have a certain load capacity and a certain battery limit.

Each battery charging station can be visited by multiple electric vehicles.

The battery level of each electric vehicle is fully charged at a charging station visit.

Each electric vehicle can start its route once all the jobs assigned to that vehicle are completed on the single machine.
Each customer has a certain due date for receiving a product and a certain tardiness penalty cost.
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The sets and parameters used in the developed mathematical models are given in Table 1.

Table 1. Sets and parameters

Sets and Parameters

0, N + 1: Depot nodes (0: starting depot, N + 1: ending depot)
F: Charging station set {1, 2, ..., S}

F': Dummy charging station set

V: Customer set, {1, 2, ..., N}

Vo: Customer and depot (0) set

Vn +1: Customer and depot (N + 1) set

V': Customer and charging station set

V'o: Customer, charging station, and depot (0) set

V'n+1: Customer, charging station, and depot (N + 1) set
V'o,n+1: Customer, charging station, depot (0), and depot (N + 1) set
K: Vehicle set

N: Number of customers

Q,.: Battery limit of electric vehicle £

h,,: Battery charge consumption rate for electric vehicle &
Cy.: Load capacity of electric vehicle &

d;;: Travel distance from point i to point

q;: Product demand quantity of customer i

s;: Service time for customer i

ly: A sufficiently large number

l;: Latest time to arrive at the customer i

9gi.: Unit charging time for electric vehicle £

tc;: Penalty cost incurred for arriving late to customer 7
process;: Processing time for job i

3. Mathematical Models

3.1. Mixed-Integer Linear Programming Model

In the development of the MILP model for SM-EVRP, it is benefited from the MILP models for EVRP presented in the studies
of Kucukoglu et al. (2021) and Schneider et al. (2014). The decision variables for the developed MILP model are explained below.

Decision Variables
x;,j.x: 1if electric vehicle k visits from node i to node j; 0 otherwise, Vi, j eV(;
zir : 1if job i is processed at position r on the machine; 0 otherwise, Vi, reV
vi.k: Battery level of vehicle k in node i, Vi eV(; VkeK
pi: Delivery time of products to customer i
Comp;: Completion time for job i on the machine
Stry: Departure time of electric vehicle k from the depot
T;: Delivery delay quantity for customer i

vap i # /. VkeK

,N+1°

The developed MILP model’s constraints and objective function are given below.

Objective Function:

MinZ =Z;cvtci XTj. 1)

Constraints:
ZjEV,N.H ZkEI{xi,j,k = 1,vl evV. (2)
ZievinaZkekXijk < 1,Vi € F. (3)
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ZjEV’NH'xO,j,k = I,Vk eK

’
Zigv’oxi’j’k = ZieV’Nij,i,k’V] eV ,Vk ekK.

Vik £ Yik— (hexdi ;) Xxijx+0r X (1—x; %), VieV,Vje V]/\/'+19

Vik < Qk — (hx x di ;) X xi j.x,Vi € F U{0},VjeVy,,,Vk € K.

+1°

Yox < Ok, Vk € K.

ZiEVZjEV;V”qi Xxijk < Cr Vk € K.

pi+ (di,j +5;) X in,j,k < pj+l()>< (1 - in’j,k),Vi eV,Vje Vl/\/+l:j¢N+].

keK keK

pi+(dij X xijx) + 8k X (Qk = yix) S pj+lo+gk X Qr) X (1 —x;,5,x),Vi € F.Vje V1lv+1,Vk €eK.

Ziey

Xi,N+1,k = l,Vk e K.
0,N+1

pj—1li <T;,VjeV.

D ar=1VieV.
Zzi,r =1,VreV.

ieV

Comp; > process;,Vi € V.

Compj+1lyx(1=2z;-1)) +lox (1 =2zj,) > Comp; + process;,Vi,j,r eV:r>1.

Stri > Compj—lox (1-2,.  xi;k),VkeK,VjeV.
0,N+1

pj = Stri+doj—lox (1 —x0;x)Vk € K,Vj € Vy,,.

Vk € K.

“

&)

(6)

N

®)

&)

(10)

(11

(12)

(13)

(14)

15)

(16)

a7

(18)

(19)

The objective function (1) aims to minimize customer product delivery tardiness costs. Constraint (2) guarantees that each
customer is served precisely once by an electric vehicle. Constraint (3) guarantees that each dummy charging station is visited by

52




Bagci, 1. et al., Mathematical Modelling Approaches for Integrated Single Machine Scheduling and Electric Vehicle Routing Problem

an electric vehicle at most once. Constraint (4) guarantees that each electric vehicle starts its route from the depot. Constraint (5)
ensures the flow balance of routes for each node and electric vehicle. Constraint (6) calculates the battery amount of each vehicle
after visiting each customer on the route. Constraint (7) calculates the battery amount of each vehicle after visiting each charging
station on the route. Constraint (8) ensures that the battery amount of each electric vehicle leaving the depot is at most equal to
the vehicle’s battery capacity. Constraint (9) ensures that the total load of the customers visited by each electric vehicle along its
route is at most equal to the vehicle’s load capacity. Constraint (10) computes the start time for delivery at each customer along the
route. Constraint (11) calculates the start time for delivery at the first customer on the route after an electric vehicle departs from
the battery charging station, regarding the charging time to replenish its battery and the travel time between nodes. Constraint (12)
ensures that each electric vehicle completes its route at the depot. Constraint (13) calculates the product delivery delay amount for
each customer based on their due dates. Constraint (14) guarantees that each job is allocated to just one position of the machine.
Constraint (15) guarantees that only one job is allocated to each position of the machine. Constraint (16) ensures that the finishing
time of each job on the machine is at least equal to the processing time of the job. Constraint (17) calculates the finishing time of
each job on the machine based on its processing time and the order in which it is assigned. Constraint (18) calculates the departure
time of each electric vehicle from the depot based on the maximum completion time of jobs allocated to that vehicle. Constraint
(19) computes the start time for delivery at the first customer on the route for each electric vehicle after it leaves the depot.

3.2. Constraint Programming Model

The decision variables for the developed CP model are explained below.

Decision Variables
cust;: Interval variable for visiting node i € V with size s;
vi.k: Optional interval variable for serving node i € V(; ~+1 DY vehicle k € K

seq:Sequence variable for vehicle k € K over {y; «|i € Vo Nil)

level; : Battery level of the vehicle k € K atnode i € V(;y N41» Detween 0 and Qg
T;: Tardiness amount for the customeri € V

z;: Interval variable for job i € V with size process;

mseq: Sequence variable for machine over {z;|i € V}

Stry: Departure time from the depot for the vehicle k € K

The developed CP model’s constraints and objective function are given below.

Objective Function:

MinZ = Yjeytc; X T;. (20)
Constraints:
alternative(cust;,all(k € K), y; 1), Yi € V. 2D
YrexpresenceO f(yix) <1,Vie F. (22)
Yievqi X presenceO f(yi k) < Ci,Vk € K. (23)
first(seqk,yo.x),Vk € K. (24)
last(seqk, YN+1.k), Yk € K. (25)
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presenceO f(yox) = 1,Vk € K. (26)

presenceO f(yn+1.k) = 1,Vk € K. 27
noOverlap(seqy,d;j,1),Vk € K. (28)

levelypx = Ok, Vk € K. 29)

leveliypeo fNext (seqr.yinivi)k < leveli k. — (hk X di typeo fNext (seqr.yix.i.i))» Vi € V,Vk € K. (30
leveliypeo fNext(seauyiniink < Qk = (hi X digypeo fNext(seqrvinin)s Vi € F U{0},Vk € K. (31
endO f(yix) = startO f(yix) + 8k X (O — level; x),Vi € F VkeK. (32)
startOf(yjx) —1; <T;,VjeV,Vk e K. (33)

presenceOf(z;) =1,VjeV. (34)

noOverlap(mseq). (3%

Stri > endO f(z;) — lo X (1 — presenceO f(yi x)),VieV,Vk € K (36)

startO f(yox) = Stri,Vk € K. (37

The CP and MILP models have identical objectives (20), aiming to minimize the cost of customer product delivery delays. It
calculates the delay amount for each customer and determines the value of the function by multiplying each customer’s delay with
the corresponding penalty cost. Constraint (21) ensures that each customer is visited precisely once by a vehicle. Constraint (22)
ensures that each dummy charging station is visited by a vehicle at most once. Constraint (23) ensures that the total load of the
customers visited along the route of each vehicle does not surpass the vehicle capacity. Constraint (24) ensures that each electric
vehicle starts its route from the depot using the first command. Constraint (25) ensures that each electric vehicle concludes its
route at the depot using the last command. Constraints (26) and (27) ensure the presence of the starting and ending depots for each
vehicle using the presenceOf command. Constraint (28) ensures that there are no overlapping visits along the route of each electric
vehicle using the noOverlap command. Constraint (29) guarantees that each electric vehicle starts from the depot with a fully
charged battery. Constraint (30) calculates the battery amount of each vehicle after visiting each customer on the route using the
typeOfNext command by considering the charge loss rate based on the distance traveled. Similarly, Constraint (31) computes the
battery amount of each vehicle after visiting each charging station. Constraint (32) calculates the departure time for each electric
vehicle from each charging station using the endOf command by considering the time spent at the charging station. Constraint
(33) computes the product delivery delay amount for each customer. Constraint (34) provides that each job is allocated to just
one position of the machine. Constraint (35) guarantees that the order of assigned jobs to the machine does not overlap using the
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noOverlap command. Constraints (36) and (37) calculate the time for each electric vehicle to start its route from the depot with
the startOf command based on the maximum ending time of jobs assigned to that vehicle.

4. Computational Results

The MILP and CP models were solved using IBM ILOG CPLEX 12.10. Various-sized instances were created to evaluate the
performance of the models. While generating these instances, the location and service time information for customers and battery
charging stations were obtained from the instances in the study of Goeke (2019). The traveling distance between two locations
equals the resultant Euclidean distance rounded to an integer. As mentioned in Section 2, electric vehicles can visit any battery
charging station on their route to recharge their batteries. To ensure that sufficient number of charging stations are available for
each customer, dummy charging stations were defined as many as the number of customers for each charging station. Thus, N
X S dummy charging stations were defined in total. The generated instances included 42 different scenarios with the number of
customers varying from 6 to 16; number of charging stations varying from 2 to 5; random customer product demands in the range
of [10, 80]; random job processing times in the range of [10, 60]; and random customer product delivery tardiness costs in the
range of [0.1, 0.5]. Due dates of the customers were generated based on various due-date tightness factors. Namely, due date values
taken from the study of Goeke (2019) were divided by a due-date tightness factor varying between 2—4. All electric vehicles were
assumed to have identical structural features. Each vehicle has a battery charge consumption rate of 1 unit, a load capacity of
200 units, a battery limit of 78 units, and a unit charging time of 3. The generated instances are available in Dataset (2024). The
solutions of the developed mathematical models were obtained within a time limit of 1800 seconds; results are given in Table 2.

Table 2. Computational results

MILP CpP
Instance le:x::;:e?sf Ch:il;?:g)e; taotifons N;l/':lgi:e?f Objective Function CPU (s) Objective Function CPU L?):str
Value Value (s)
Bound
c101C6-1-1 6 3 4 2.59 1800 0 1.45 0
c101C6-1-2 6 3 4 0 31.86 0 79.84 0
c101C6-2-1 6 3 4 21.21 1800 11.64 1800 0
c101C6-2-2 6 3 4 41.57 1800 30.39 1800 0
c101C6-3-1 6 3 4 50.06 1800 47.44 1800 0
c101C6-3-2 6 3 4 99.18 1800 99.18 1800 0
c103C6-1-1 6 2 4 0 0.94 0 0.67 0
c103Ce6-1-2 6 2 4 0 3.44 0 0.69 0
¢103C6-2-1 6 2 4 0.44 19.94 0.44 0.77 044
c103C6-2-2 6 2 4 7.6 28.03 7.6 0.79 7.6
¢103C6-3-1 6 2 4 7.03 11.97 7.03 1.81  7.03
c103C6-3-2 6 2 4 1.7 13.7 1.7 0.85 1.7
¢206C6-1-1 6 4 4 0 1.55 0 1.19 0
¢206C6-1-2 6 4 4 0 1.55 0 0.24 0
€206C6-2-1 6 4 4 0 1.74 0 0.74 0
¢206C6-2-2 6 4 4 0 1.55 0 0.86 0
¢206C6-3-1 6 4 4 0 13.53 0 0.92 0
¢206C6-3-2 6 4 4 0 12.03 0 1.18 0
c208C6-1-1 6 3 4 0 1.09 0 635 0
c208C6-1-2 6 3 4 0 0.64 0 52.5 0
c208C6-2-1 6 3 4 0 1.28 0 242 0
c208C6-2-2 6 3 4 0 4.06 0 58486 0
¢208C6-3-1 6 3 4 0 6.27 0 737 0
¢208C6-3-2 6 3 4 0 1.72 0 807.73 0
c104C10-1-1 10 4 6 75.48 1800 0 4.66 0
c104C10-1-2 10 4 6 89.02 1800 0 4.79 0
c104C10-2-1 10 4 6 460.43 1800 0 17.2 0
c104C10-2-2 10 4 6 20.02 1800 4.8 1800 0
¢104C10-3-1 10 4 6 411.1 1800 85.63 1800 0
c104C10-3-2 10 4 6 554.17 1800 71.34 1800 0
cl01C12-1-1 12 5 7 * 1800 77.55 1800 0
cl01C12-1-2 12 5 7 * 1800 0 81.12 0
cl101C12-2-1 12 5 7 1507.08 1800 156.9 1800 0
c101C12-2-2 12 5 7 12113 1800 106.92 1800 0
c101C12-3-1 12 5 7 * 1800 379.91 1800 0
cl01C12-3-2 12 5 7 * 1800 4204 1800 0
c103C16-1-1 16 5 9 * 1800 14.05 1800 0
c103C16-1-2 16 5 9 * 1800 3.92 1800 0
c103C16-2-1 16 5 9 * 1800 109.79 1800 0
c103C16-2-2 16 5 9 232591 1800 393.11 1800 0
¢103C16-3-1 16 5 9 * 1800 651.86 1800 1.12
c103C16-3-2 16 5 9 * 1800 593.03 1800 1.6
Average 989.45 849.02

In Table 2, the instances in the “Instance” column are labeled according to the original instance and due-date tightness factor.
Two instances are generated for each combination of the due-date tightness factor by randomly generating various parameters
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for the original instance. For example, c101C6-1 has a more flexible due-date tightness factor, whereas c101C6-2 has a tighter
due-date tightness factor. Similarly, c101C6-3 has a tighter due-date tightness factor than c101C6-2. The objective function values
and CPU times (in seconds) are reported for each model. A CPU value of 1800 s indicates that the problem could not be optimally
solved within the given time limit. The symbol “*” indicates that the MILP model could not find a feasible solution for that instance
within the 1800-s limit. The CPU row shows the average solution times for the developed MILP and CP models. The values in the
last column of Table 2 represent the best lower bounds for the instances obtained by the models after reaching the time limit.

The analysis of results shown in Table 2 indicate that the MILP model achieved optimal solutions within the 1800-s limit for
19 out of 42 instances. In contrast, the CP model found optimal solutions for 24 out of 42 instances. Both models yielded the
same objective function value for 20 instances. The developed CP model found better solutions for 22 instances compared to the
MILP model, which confirmed the difference in their performances. When analyzing the average solution times for the developed
mathematical models, the MILP model had an average solution time of 989.45 s, whereas the CP model had an average solution
time of 849.02 s. When the results were examined, it was observed that the MILP model struggled to find feasible solutions for
larger instances with 12 and 16 customers within the 1800-s limit. The solution quality of the MILP model decreased considerably
with increasing number of customers and charging stations. However, the CP model is still able to find feasible solutions for such
larger instances. This indicates that the CP formulation performs better than the MILP formulation in achieving better solutions
in less computational time for the integrated SM-EVRP. The CP model has superior performance than the MILP model in this
regard.

The effect of the number of charging stations on the solution times of the MILP and CP models was also analyzed. In this analysis,
four instances with six customers were run by the MILP and CP models by considering four different numbers of charging stations.
The average solution time values were calculated for each number of charging stations over four instances. Average solution times
of each model for different numbers of charging stations are provided in Figure 1. As shown in the figure, the solution time of the
MILP model increases as the number of charging stations increases, whereas that of the CP model does not change considerably.
In addition, the solution time of the CP model is less than that of MILP model for these instances, similar to the results listed in
Table 2. Thus, the CP model has stable solution times for different numbers of charging stations and outperforms the MILP model.

Figure 1. Solution time of the models for different number of charging stations
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In terms of limitations of the models, it has been observed that the obtained lower bound values are low, usually 0, for both
models when optimal results cannot be achieved within the time limit. Both models have difficulty in finding good quality lower
bounds, particularly for large-sized problems. Hence, in future studies, developing a good-quality lower bound for the problem
would be a promising research direction to improve the performance of the models.
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5. Conclusion

In this study, the integrated SM-EVRP has been addressed. Electric vehicles, which are increasingly becoming part of vehicle
fleets in supply chains due to sustainability initiatives, have different routing decisions than conventional vehicles. The various
battery constraints and charging station visits associated with electric vehicles make the EVRP more challenging and complex. The
consideration of the integrated SM-EVRP in this study is highly significant for enhancing the efficiency of production and logistics
activities simultaneously. The inclusion of electric vehicles in vehicle fleets, with their significantly low energy consumption and
nearly zero emissions, presents an opportunity for companies to improve their energy efficiency and minimize the environmental
impact of traditional vehicles. By simultaneously considering machine scheduling and product distribution processes in supply
chain systems, the overall process efficiency can be improved. In terms of contributions of this study, it is noteworthy that the
SM-EVRP has been addressed herein for the first time, and the MILP and CP models have been proposed for the problem. The
objective of the developed mathematical models is the minimization of customer product delivery delay costs, aiming to enhance
customer satisfaction. A comparison of the mathematical models on a set of instances revealed that the CP model demonstrated
superior performance than the MILP model. For the generated instances, the CP model obtained a greater number of optimal
solutions and lower CPU values than the MILP model. Nevertheless, both mathematical models successfully obtained optimal
results for most of the small-sized instances. Numerical analysis revealed that the CP model could also find a feasible solution
for large-sized instances. In future studies, a lower bound for the problem can be developed and added to the CP model, so that
it can better evaluate the quality of solutions for large-sized instances. Moreover, heuristic methods can be presented to solve
larger-sized instances. The inclusion of SDST for single machine scheduling part of the problem can also considered. Additionally,
more complex scheduling environments, such as the flowshop scheduling problem, can also be integrated with the EVRP in future
research studies.

Peer Review: Externally peer-reviewed.

Author Contributions: Conception/Design of Study- 1.B., H.O., Z.A.C.; Data Acquisition- I.B., H.O., Z.A.C.; Data
Analysis/Interpretation- 1.B., H.O., Z.A.C.; Drafting Manuscript- I.B., H.O., Z.A.C.; Critical Revision of Manuscript- 1.B.,
H.O., Z.A.C.; Final Approval and Accountability- I.B., H.O., Z.A.C.

Conflict of Interest: Authors declared no conflict of interest.
Financial Disclosure: Authors declared no financial support.

ORCID IDs of the authors
Iclal Bagc1 0009-0000-7207-3047
Hande Oztop 0000-0002-6503-7299

Zeynel Abidin Cil  0000-0002-7270-9321

REFERENCES
Berghman, L., Kergosien, Y., & Billaut, J. C. (2023). A review on integrated scheduling and outbound vehicle routing problems. European
Journal of Operational Research.

Booth, K. E., & Beck, J. C. (2019). A constraint programming approach to electric vehicle routing with time windows. In Integration of Constraint
Programming, Artificial Intelligence, and Operations Research: 16th International Conference, CPAIOR 2019, Thessaloniki, Greece, June
4-7, 2019, Proceedings 16 (pp. 129-145). Springer International Publishing.

Bruglieri, M., Pezzella, F., Pisacane, O., & Suraci, S. (2015). A variable neighborhood search branching for the electric vehicle routing problem
with time windows. Electronic Notes in Discrete Mathematics, 47, 221-228.

Chen, H. K., Hsueh, C. F., & Chang, M. S. (2009). Production scheduling and vehicle routing with time windows for perishable food products.
Computers & operations research, 36(7), 2311-2319.

Dataset (2024). < https://124.im/8KTgl>

Devapriya, P., Ferrell, W., & Geismar, N. (2017). Integrated production and distribution scheduling with a perishable product. European Journal
of Operational Research, 259(3), 906-916.

Farahani, P., Grunow, M., & Giinther, H. O. (2012). Integrated production and distribution planning for perishable food products. Flexible
services and manufacturing journal, 24, 28-51.

Felipe, A., Ortuiio, M. T., Righini, G., & Tirado, G. (2014). A heuristic approach for the green vehicle routing problem with multiple technologies
and partial recharges. Transportation Research Part E: Logistics and Transportation Review, 71, 111-128.

Fu, L. L., Aloulou, M. A., & Triki, C. (2017). Integrated production scheduling and vehicle routing problem with job splitting and delivery time
windows. International Journal of Production Research, 55(20), 5942-5957.



https://orcid.org/0009-0000-7207-3047
https://orcid.org/0000-0002-6503-7299
https://orcid.org/0000-0002-7270-9321

Journal of Transportation and Logistics

Goeke, D. (2019). Granular tabu search for the pickup and delivery problem with time windows and electric vehicles. European Journal of
Operational Research, 278(3), 821-836.

Ha, M. H., Nguyen, T. D., Duy, T. N., Pham, H. G., Do, T., & Rousseau, L. M. (2020). A new constraint programming model and a linear
programming-based adaptive large neighborhood search for the vehicle routing problem with synchronization constraints. Computers &
Operations Research, 124, 105085.

He, P, Li, K., & Kumar, P. R. (2022). An enhanced branch-and-price algorithm for the integrated production and transportation scheduling
problem. International Journal of Production Research, 60(6), 1874-1889.

Hojabri, H., Gendreau, M., Potvin, J. Y., & Rousseau, L. M. (2018). Large neighborhood search with constraint programming for a vehicle
routing problem with synchronization constraints. Computers & Operations Research, 92, 87-97.

Jamili, N., Ranjbar, M., & Salari, M. (2016). A bi-objective model for integrated scheduling of production and distribution in a supply chain
with order release date restrictions. Journal of Manufacturing Systems, 40, 105-118.

Keskin, M., & Catay, B. (2016). Partial recharge strategies for the electric vehicle routing problem with time windows. Transportation research
part C: emerging technologies, 65, 111-127.

Koulamas, C. (2010). The single-machine total tardiness scheduling problem: Review and extensions. European Journal of Operational Research,
202(1), 1-7.

Kiiciikoglu, 1., & Oztiirk, N. (2016). Heterojen Filoya Sahip Elektrikli Araglarin Rota Optimizasyonu. Celal Bayar Universitesi Fen Bilimleri
Dergisi, 12(3), 525-534.

Kucukoglu, I., Dewil, R., & Cattrysse, D. (2021). The electric vehicle routing problem and its variations: A literature review. Computers &
Industrial Engineering, 161, 107650.

Lam, E., Desaulniers, G., & Stuckey, P. J. (2022). Branch-and-cut-and-price for the electric vehicle routing problem with time windows,
piecewise-linear recharging, and capacitated recharging stations. Computers & Operations Research, 145, 105870.

Li, K., Zhou, C., Leung, J. Y., & Ma, Y. (2016). Integrated production and delivery with single machine and multiple vehicles. Expert Systems
with Applications, 57, 12-20.

Liao, C.J., & Juan, H. C. (2007). An ant colony optimization for single-machine tardiness scheduling with sequence-dependent setups. Computers
& operations research, 34(7), 1899-1909.

Long, J., Pardalos, P. M., & Li, C. (2022). Level-based multi-objective particle swarm optimizer for integrated production scheduling and vehicle
routing decision with inventory holding, delivery, and tardiness costs. International Journal of Production Research, 60(11), 3319-3338.

Low, C., Chang, C. M., Li, R. K., & Huang, C. L. (2014). Coordination of production scheduling and delivery problems with heterogeneous
fleet. International Journal of Production Economics, 153, 139-148.

Luo, X., & Chu, F. (2006). A branch and bound algorithm of the single machine schedule with sequence-dependent setup times for minimizing
total tardiness. Applied Mathematics and Computation, 183(1), 575-588.

Mohammadi, S., Al-e-Hashem, S. M., & Rekik, Y. (2020). An integrated production scheduling and delivery route planning with multi-purpose
machines: A case study from a furniture manufacturing company. International Journal of Production Economics, 219, 347-359.

Moons, S., Ramaekers, K., Caris, A., & Arda, Y. (2017). Integrating production scheduling and vehicle routing decisions at the operational
decision level: a review and discussion. Computers & Industrial Engineering, 104, 224-245.

Ozcelik, F., Ertem, M., & Sarac, T. (2022). A stochastic approach for the single-machine scheduling problem to minimize total expected cost
with client-dependent tardiness costs. Engineering Optimization, 54(7), 1178-1192.

Oztop, H. (2022, October). A Constraint Programming Model for the Open Vehicle Routing Problem with Heterogeneous Vehicle Fleet. In The
International Symposium for Production Research (pp. 345-356). Cham: Springer International Publishing.

Oztop, H., Kizilay, D., & Cil, Z. A. (2021). Mathematical models for the periodic vehicle routing problem with time windows and time spread
constraints. An International Journal of Optimization and Control: Theories & Applications 1JOCTA), 11(1), 10-23.

Schneider, M., Stenger, A., & Goeke, D. (2014). The electric vehicle-routing problem with time windows and recharging stations. Transportation
Science, 48(4), 500-520.

Tanaka, S., & Araki, M. (2013). An exact algorithm for the single-machine total weighted tardiness problem with sequence-dependent setup
times. Computers & Operations Research, 40(1), 344-352.

Ullrich, C. A. (2013). Integrated machine scheduling and vehicle routing with time windows. European Journal of Operational Research, 227(1),
152-165.

Wang, J., Yao, S., Sheng, J., & Yang, H. (2019). Minimizing total carbon emissions in an integrated machine scheduling and vehicle routing
problem. Journal of Cleaner Production, 229, 1004-1017.

Yiiksel, D., Kizilay, D., Oztop, H., & Ozkan, S. (2021). Mathematical models for milk dispatching problem. Journal of Transportation and
Logistics, 6(2), 217-235.

Zhao, M., & Lu, Y. (2019). A heuristic approach for a real-world electric vehicle routing problem. Algorithms, 12(2), 45.

Zhao, Z., Li, X., & Zhou, X. (2020). Distribution route optimization for electric vehicles in urban cold chain logistics for fresh products under
time-varying traffic conditions. Mathematical Problems in Engineering, 2020, 1-17.




Bagci, 1. et al., Mathematical Modelling Approaches for Integrated Single Machine Scheduling and Electric Vehicle Routing Problem

How cite this article

Bagct,, 1., Oztop, H., Abidin Cil, Z. (2024). Mathematical modelling approaches for integrated single machine scheduling and
electric vehicle routing problem. Journal of Transportation and Logistics, 9(1), 48-59. https://doi.org/10.26650/JTL.2024.1414907



https://doi.org/10.26650/JTL.2024.1414907

	Introduction
	Problem Definition
	Mathematical Models
	Mixed-Integer Linear Programming Model
	Constraint Programming Model

	Computational Results
	Conclusion

