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ABSTRACT. Background: In this study, the food delivery problem faced by a food company is discussed. There are
seven different regions where the company serves food and a certain number of customers in each region. The time of
requesting food for each customer varies according to the shift situation. This type of problem is referred to as a vehicle
routing problem with time windows in the literature and the main aim of the study is to minimize the total travel distance
of the vehicles. The second aim is to determine which vehicle will follow which route in the region by using the least
amount of vehicle according to the desired mealtime.

Methods: In this study, genetic algorithm methodology is used for the solution of the problem. Metaheuristic algorithms
are used for problems that contain multiple combinations and cannot be solved in a reasonable time. Thus in this study,
a solution to this problem in a reasonable time is obtained by using the genetic algorithm method. The advantage of this
method is to find the most appropriate solution by trying possible solutions with a certain number of populations.

Results: Different population sizes are considered in the study. 1000 iterations are made for each population. According
to the genetic algorithm results, the best result is obtained in the lowest population size. The total distance has been
shortened by about 14% with this method. Besides, the number of vehicles in each region and which vehicle will serve to
whom has also been determined. This study, which is a real-life application, has provided serious profitability to the food
company even from this region alone. Besides, there have been improvements at different rates in each of the seven
regions. Customers' ability to receive service at any time has maximized customer satisfaction and increased the ability to
work in the long term.

Conclusions: The method and results used in the study were positive for the food company. However, the metaheuristic
algorithm used in this study does not guarantee an optimal result. Therefore, mathematical models or simulation models
can be considered in terms of future studies. Besides, in addition to the time windows problem, the pickup problem can
also be taken into account and different solution proposals can be developed.
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channel to be at the forefront in their sector

INTRODUCTION

Companies can be advantageous over their
competitors only by increasing the added value
of their products and services by delivering
these services to their customers faster. In
other words, companies have to better control
their product prices, costs, and productivity to
gain an advantage over their competitors.
Companies should also increase customer
service satisfaction by preventing total delays
with a well-planned logistics distribution

[Subramanian et al. 2013].

Since the majority of the total logistics
costs of companies arise from distribution
costs, the effective and efficient use of
distribution equipment and personnel has
become an important area of interest for
business managers. In this respect, finding the
most suitable route for a vehicle reduce
distribution costs and increase the quality of
the service offered to customers. This subject
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is referred to as a vehicle routing problem
(VRP) in the literature [Gendreau et al. 2008].

The problem of vehicle routing is a problem
of drawing a route, starting from a single point
that allows all points to be visited with the
shortest time and lowest cost. For a multi-
system, at least one manufacturer, one
customer, one vehicle, and one distribution
structure are required for vehicle routing.
Multiple input variables constitute important
parameters in determining the routes according
to the goal value of the total system. Therefore,
the routing problem is a difficult optimization
problem to calculate the results under variable
inputs [Adamski 2015].

In the literature, many methods have been
developed to find solutions to VRPs. There are
mathematical models in different studies in the
literature. In cases where mathematical models
are inadequate, it is possible to talk about
a wide variety of algorithms developed using
heuristic and metaheuristic methods.

Metaheuristic solutions constitute the tools
used to find solutions to problems at
appropriate times. However, these methods
obtain approximate values instead of finding
the best solution value. Tabu search algorithm
[Ting et al. 2017], variable neighborhood
search [Todosijevi¢ et al. 2017], simulated
annealing [Du et al. 2017], iterated local search
[Uchoa et al. 2017], greedy randomized

adaptive search procedure [Sorensen and
Schittekat 2013], genetic algorithm
[Hassanzadeh and Rasti-Barzoki 2017],

memetic algorithm [Qi et al. 2015] and ant
colony optimization [Du et al. 2017] are the
most commonly used metaheuristic techniques.

Heuristic methods are iterative solution
methods that consist of an intelligent
combination of heuristic algorithms with
different properties to find the best results in
the solution area. Time-oriented nearest-
neighbor heuristic [Hsu et al. 2007], iterative
route construction and improvement algorithm
[Figliozzi 2010], continuous forecasting model
[Saberi and Verbas 2012], deterministic local
search [Felipe et al. 2014], fuzzy inference
algorithm [Jovanovic et  al. 2014],
heterogeneous adaptive neighbor search [Kog
et al. 2014], evolutionary local search [Zhang

et al. 2015], Clarke and Wright savings
algorithm and density clustering algorithm
[Erdogan and Miller-Hooks 2012], lantime
algorithm [Wen and Eglese 2015] and nearest
neighbor algorithm [Suzuki and Kabir 2015]
are some of the heuristic techniques used in
vehicle routing problem.

There are many  vehicle routing
methodologies based on  mathematical
programming techniques. Mixed-integer linear
programming [Gajanand and Narendan 2013],
linear programming [Franceschetti et al. 2013],
integer programming [Zhu et al. 2014], mixed-
integer nonlinear programming [Glock and
Kim 2015] and statistical method [Veldzquez-
Martinez et al. 2016].

Most of the above-mentioned studies are
focused on the classical network design rather
than specific vehicle routing problems with
time windows. In this study, firstly we are
focusing on the real-life problem considering
multi-vehicle routing of daily delivery for
lunch meal that a company is encountered.
Secondly, time windows constraint is
considered since each customer needs their
lunch at different times. These objectives are
considered using a genetic algorithm which is
a mostly used method for NP-hard problems.

The remainder of the paper is organized as
follows. Section 2 provides brief information
about vehicle routing problems. The genetic
algorithm which is used in this study is
provided in Section 3. The proposed vehicle
routing problem and application results are
detailed in Section 4. Section 5 presents the
conclusion and future research directions.

VEHICLE ROUTING PROBLEM

VRP was first introduced to the literature in
1959 by Dantzig and Ramser. In these studies,
the authors focused on the problem of gasoline
distribution to gas stations and established the
first mathematical programming model to
solve the problem. Later in 1964, Clark and
Wright proposed an intuitive solution to the
problem, but after this study, interest in VRP
has grown even more in the literature. VRP is
one of the optimization problems on which
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most methods are developed [Dantzig and
Ramser 1959].

VRP is finding the best route a vehicle
should follow to reduce transportation costs
and increase customer service. According to
another definition; VRP is the problem of
designing optimum distribution/collection
routes of vehicles assigned to serve
geographically dispersed customers from one
or more warechouses. VRP is the heart of
distribution management. The simplest form of
VRP is called Classical VRP [Khouadjia et al.
2012]. In Classic VRP:

1. Each city is visited only once.

2. Each vehicle starts and ends its route in the
same warehouse.

3. There are restrictions on the number and
configuration of routes.

Constraints other than these basic
constraints vary according to the nature of the
problem. The problem of distribution of
consumer goods from factories to retailers is
agood and easy-to-understand example
problem for VRP. Factories are supply centers,
and customers are demand centers.

The VRP is a widely known integer
programming problem that falls into the class
of NP-hard problems where the computational
power required to solve the problem increases
exponentially with the size of the problem. In
such problems, it is aimed to find approximate
results to reach the right result quickly. This
task is usually accomplished using a variety of
metaheuristic methods that try to understand
the nature of the problem. In this study, the
genetic algorithm metaheuristic which is
frequently used in the solution of NP-hard
problems is used.

In the literature, VRP problems are
classified according to many basic types. Most
important ones; capacity-constrained, distance-
constrained, time windows, distribution, and
pickup VRPs. Subtypes of each basic type with
additional constraints and different features are
also included in the literature. The VRP type
that is considered in this study is the time
window distribution for multiple-vehicle
delivery VRP. Brief information about this
problem is given in the following section.

MULTIPLE-VEHICLE DELIVERY
ROUTING PROBLEM WITH TIME
WINDOWS

In this method, the needs of the customers
in the network are tried to be met by using
a large number of vehicles. After the demands
of the customers are loaded in the network by
the vehicle capacities, the vehicles reach the
points on the determined route at the same
time, meet the demands and return to the
warehouse again. The difference between
multi-vehicle vehicle routing and single-
vehicle routing is that it requires as many
vehicles as the number of routes in the
network. This method meets the demands
faster than other methods. Each transport
request must be served within a predetermined
time window (this constraint is called a time
window). For this purpose, it is valid in cases
where time constraints are important. The
solution to the problem requires assigning the
transportation demands to the vehicles and
finding the route for each vehicle that
minimizes the total cost [Laporte, 2009]. In
this study, the multi-vehicle routing problem is
discussed and an example of this problem type
is provided in Figure 1.

Source: Khouadjia et al. 2012

Fig. 1. Multi-Vehicle Routing Problem

GENETIC ALGORITHM

The Genetic Algorithm (GA) involves the
application of selection, crossover, and
mutation processes to a population of
individuals. Following the application of these
procedures, a new population is created. The
old population and the new population are
exchanged for each other and each individual
has its regulated value. The newly formed
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population is selected according to this
regulated value and more compatible
populations are tried to be formed in each
newly created population.

GAs are particularly used in the areas of
optimization, automated, mechanical learning,
finance, marketing, vehicle routing,
scheduling, assembly/disassembly line
balancing, plant layout, and system reliability.
The basic characteristics of GAs can be listed
as follows [Zames et al. 1981];

— Poor solutions tend to disappear while good
solutions tend to be used to create better
solutions as the population evolves from
generation to generation.

— They scan not the whole solution space
only part of it.

— They reach a possible solution in a shorter
time by doing an active search.

— They do not stick to local best solutions by
simultaneously examining a population of
solutions.

GAs first creates an initial population of
individuals coded by the notation specified in
the solution steps. Each chromosome in the
initial population represents a possible solution
to the problem. Each chromosome has
a conformity value indicating the quality of the
solution it encodes. The basic working logic of
GAs is based on the proliferation of
chromosomes with better conformity values,
just like in the evolutionary process.

Selection is the process of selecting
individuals of a new generation from the
existing population according to the selection
method chosen. The crossover operator is one
of the substantial parameters that affect the
performance of the GAs. Crossover creates
new offspring by manipulating selected genes
in the parent. Following the crossover
operation, some of the chromosomes are
mutated to increase the diversity of the
chromosomes in the generation. The purpose
of this process is to identify changes within the
population. During the mutation process, the
number of genes on the chromosome remains
constant.

USE OF GENETIC ALGORITHM IN
VRP

In this section, an application related to
VRP has been made. The problem definition,
the design phase of GA, and the results
obtained are given in detail in the following
sub-sections.

Problem Definition

Several numerical network designs related
to the VRPs are developed in the relevant
literature to improve the near-optimal route for
vehicles as discussed in the introduction
section.

This study focused on the delivery of lunch
meal food of a Food Company (FC) to various
retailers in a variety of locations using the
general type of vehicles. The focused problem
can be described as a variant of VRP because
of different service times. FC is located to the
near of city center and has served 71
customers. Customer distance to the FC and
the region of the vehicles are shown in
Appendix-I. 7 regions and thus 7 routes are
considered for this study. The customers need
the foods at specific times. Minimization of the
route cost increases Company’s profitability.
Thus, the first objective of this study is to
minimize the total distances for all vehicles.

As it can be figured out from the problem,
there may many different delivery options due
to the nature of the problem. As an example,
11 customers are included in Region 1 means
11 different combination of the delivery route
is possible for Route-1 wvehicles. This
combination is different for each region. To
cope with the best delivery for each route,
a genetic algorithm solution is provided in the
following section. Thus, the second objective
of this study is to find out which vehicle will
serve which customer.

Design of the Genetic Algorithm

The definition of the GA was detailed in
section 3. In this section, the design phase of
the genetic algorithm used in the study is
given. The flow diagram of this algorithm is
provided in figure 2.
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Fig. 2. Flowchart of GA

The solutions in GAs are encoded as
chromosomes based on the features of the
problem. Chromosomes are usually
constructed by wusing alphabets, integers,
binary digits, or other characters. The structure
of a chromosome for Route-1 is given in
Figure 3. This chromosome involves the
permutation of customer numbers and
represents a possible delivery route.

9 8 6 7 3 11 1 10 2 5 4

Source: own work

Fig. 3. Structure of a chromosome for Route-1

The objective function of this study is to
find the shortest routes for each region. While
these routes are determined, each route can
only be served by one vehicle and the route of
the vehicles must start and end in the
warehouse. However, the number of vehicles

can be increased according to the desired
mealtime. With the objective function, it is
aimed to reduce costs by saving time, and it is
aimed to ensure the highest level of customer
satisfaction by meeting the demands of the
customers on time. As mentioned before,
customers want their meals at a certain time. In
this  direction, the genetic algorithm
performance criteria selected for the solution
were tested with different replications, and the
best solution was reached, and how the genetic
algorithm criteria affect the solution was
revealed. It was stated in the study that there
are 7 different routes. While explaining the
solution method, instead of showing the
solution separately for each route, only the
solution for route 1 is shown. However, the
findings obtained for all routes are given in
Table 5 at the end of the study.

The data of 11 customers that FC
distributes on Route-1 are given in the tables
below. The distance matrix of the customers is
given in Table 1 as km. The time interval
values that customers want to receive service
are given in Table 2. The travel times of the
customers to each other are given in Table 3.
The service time of the vehicles is fixed and 10
minutes for each customer. Accordingly, with
MATLAB R15a, the data were encoded using
Windows 10, 8GB RAM, 2.7 GHz (i5)
computer, and the steps of the genetic
algorithm were applied. The results obtained
were presented in the next section.

Results of the genetic algorithm

The stages of the genetic algorithm were
previously given in Figure 1. In the coding
stage, permutation coding is used, single-point
crossover for the crossover operator, and the
mutation of two neighboring genes for
mutation was applied. The sum of the distances
is taken into account for the fitness function.
The roulette wheel method, which is frequently
used in the genetic algorithm, has been chosen
in chromosome selection. Population size was
considered as 10, 30, and 50 in the study. 1000
iterations were made for each population and
this number was taken into account as the
stopping criterion. The values obtained for all
population sizes after running the program are
given in Table 4.
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Table 4 shows the results of the study. 1000
iterations were made for each population. The
shortest distance obtained was 57.4 km with 10
population sizes. The shortest route length was
seen after the 246th iteration in the algorithm
running 1000 iterations.

The value did not change in subsequent
iterations. The graph of this iteration is given
in Figure 4. The most suitable route for this
population is 1-2-6-5-11-9-10-8-7-3-4. The
population size was increased in the second

stage. It was observed that the total distance
also increased despite the increasing
population size. This value was seen after 84th
iterations and did not change until 1000
iterations. Finally, the algorithm has been
tested for a population size of 50 and it has
been observed that the total distance increases
again. As a result, the shortest path was
obtained in the smallest population size and
after 246th iterations. An improvement of
approximately 14% was seen with the genetic
algorithm as the total distance

Table 1. The distances of the customers on Route-1 to each other

Distance (km) C, C, C; Cy Cs Cs C; Cs G Cun Cu
C 0 2 2 4 5 3 4 5 2 3 1
C 2 0 4 4 1 5 5 1 4 3 2
Cs 2 4 0 1 1 2 5 3 4 2 4
C,y 4 4 1 0 4 3 4 1 2 5 2
Cs 5 1 1 4 0 1 2 6 2 2 3
Cs 3 5 2 3 1 0 5 4 5 2 3
C; 4 5 5 4 2 5 0 1 4 5 3
Cs 5 1 3 1 6 4 1 0 2 3 5
Cy 2 4 4 2 2 5 4 2 0 2 5
Cun 3 3 2 5 2 2 5 3 2 0 1
Cu 1 2 4 2 3 3 3 5 5 1 0
Source: own work
Table 2. Time intervals that customers on Route-1 want the service time
Service time C C, Cs Cy Cs Cs G, Cs G Cuo Cu
Start 08:00 09:45 11:00 12:00 11:30 10:00 10:30 9:30 08:00 08:30 12:00
End 11:45 12:15 13:15 13:00 13:30 10:30 11:40 10:30 12:45 12:30 13:15
Source: own work
Table 3. Travel times of customers on Route-1 relative to each other
Duration (min) Cl Cz C3 C4 C5 C6 C7 Cs C9 ClO Cu
C 0 5 5 10 12 7 10 12 5 7 3
C; 5 0 10 10 3 12 12 3 10 7 5
Cs 5 10 0 3 3 5 12 7 10 5 10
Cy 10 10 3 0 10 7 10 3 5 12 5
Cs 12 3 3 10 0 3 5 14 5 5 7
Cs 7 12 5 7 3 0 12 10 12 5 7
C; 10 12 12 10 5 12 0 3 10 12 7
Cs 12 3 7 3 14 10 3 0 4 7 12
Co 5 10 10 5 5 12 10 4 0 4 12
Cuo 7 7 5 12 5 5 12 7 4 0 3
Cu 3 5 10 5 7 7 7 12 12 3 0
Source: own work
Table 4. Results of the genetic algorithm for Route-1
Population size 10 30 50
Iteration number 1000 1000 1000
Mutation rate 0.8 0.9 0.01
Crossover rate 0.2 0.05 0.5
Total shortest
distance (km) 57.4 65.3 74.9
Suitable route 1-2:6-5-11-9-10-8-7-3-4 1-10-8-5-4-9-26-7-3-11 9-867-3-11-1-102-54
. Convergence 246 84 48
iteration number

Source: own work
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Fig. 4. Convergence graph for Route-1.

In the study, the shortest path calculation
for a FC is shown for Route-1. As seen in
Appendix-I, there are 7 different routes in total
in the study. Using the same steps for each
route, a solution was found with the genetic
algorithm. The shortest route and improvement
rates for all routes are given in Table 5.

In the study, in addition to the route
calculation for 7 different routes, how many
vehicles should be for each route and which
vehicle will serve which customers were added
as constraints. Accordingly, an additional
vehicle for each route has been added to the
system. Only one vehicle service can be
continued on the last route. Table 6 shows
which vehicle will serve which customers for
each route.

Table 5. Shortest route and recovery rates for all routes

. Delivery Improvement
Route P_rekus total | After ) orvde_r rate
distance (km) total distance (km) | within
(%)
the route
Route-1 65.4 574 1-2-6-5-11-9-10-8-7-3-4 13.9
Route-2 53.3 46.3 9-12-1-3-5-8-2-11-4-10-7-6 15.1
Route-3 10.9 9.8 4-10-3-13-5-12-6-1-11-2-8-7-9 11.3
Route-4 64.8 54.1 4-6-5-1-2-3-8-7 19.8
Route-5 160.6 146.6 4-2-7-11-13-8-10-5-15-6-12-3-9-1-14 9.6
Route-6 21.2 17.3 5-7-2-8-6-1-3-4-9 22.4
Route-7 12.4 10.7 2-3-1 16.4
Source: own work
Table 6. The customer that the vehicles will serve
Routes Vehicles Customers Living time

Route-1 1 1-2-6-5-11 08:00

2 9-10-8-7-34 08:00

Route-2 1 9-12-1-3-5-8 08:00

2 2-11-4-10-7-6 08:00

Route-3 1 4-10-3-13-5-12-6 09:45

2 1-11-2-8-7-9 08:45

1 4-6-5-1 11:30

Route-4 2 2387 09:00

Route-5 1 4-2-7-11-13-8-10-5-15 08:45

2 6-12-3-9-1-14 09:30

Route-6 1 5-7-2-8-6 10:50

2 1-3-4-9 08:30

Route-7 1 2-3-1 09:00

Source: own work

393




Akpinar M.E., 2021. A logistic optimization for the vehicle routing problem through a case study in the food
industry. LogForum 17 (3), 387-397. hitp://doi.org/10.17270/J.LOG.2021.604

APPENDIX-I
C S F D (km) R C S F D (km) R
C 08:00 11:45 29,6 C 09:45 11:30 19,7
C, 09:45 12:15 32,2 G, 08:00 12:00 23,1
Cs 11:00 13:15 33,1 Cs 11:00 12:00 23
Cy 12:00 13:00 32,5 C, 09:30 11:00 20,5
Cs 11:30 13:30 31,3 Cs 11:30 12:30 19,8
Ce 10:00 10:30 25,3 R, Cs 12:00 13:30 20,1 R
Gy 10:30 11:40 26,1 C; 11:45 12:45 19,6 z
Cs 09:30 10:30 29,2 Cs 12:30 13:30 19,7
Cy 08:00 12:45 29,9 Co 08:30 10:00 23,1
Cyo 08:30 12:30 29,8 Cio 09:45 10:30 18,9
Cu 12:00 13:15 34,8 Cu 08:45 10:00 233
C 08:45 10:00 1,1 Ci 09:00 11:00 19,5
G, 11:00 12:00 0,65 C 12:00 13:00 28,2
GC; 11:15 12:30 2,1 G, 11:30 12:30 25,7
Cy 09:45 11:00 0,35 Cs 11:45 12:30 48
Cs 12:00 13:30 0,55 C, 09:00 10:30 38,8 R
Cs 12:30 13:30 35 Cs 11:30 12:30 39,9 N
Gy 12:00 13:00 3,6 R; Cs 11:00 13:00 44,8
Cyg 11:15 12:30 4,5 C; 12:30 13:30 24,3
Cy 12:30 13:30 0,9 Cg 12:00 12:45 20,3
Cio 10:00 11:30 0,95 C, 11:30 13:00 24,3
Cy 09:30 11:00 2,7 C, 09:30 11:00 17,9
Cn 12:15 13:30 0,2 C; 10:15 11:30 18,3
Cis 11:45 12:45 1,5 C, 08:45 09:45 19,6
C 08:30 11:00 5 Cs 11:45 13:00 20,1
C, 11:45 12:30 10,4 Cs 09:30 11:00 18,5
Cs 10:30 13:00 5,7 C; 09:45 12:0 18,8
Cy 11:30 13:30 6,5 Gy 11:00 12:00 19,5 Rs
Cs 10:50 12:30 55 Rs Co 10:30 11:30 20,6
Cs 12:30 13:30 53 Cio 11:30 13:00 23,6
C; 11:30 13:00 12 Cu 10:15 11:00 19,7
Cs 12:00 13:30 14,5 Ci 09:45 11:00 25,8
Cy 11:45 12:30 13,3 Cis 10:30 11:30 17,9
C 09:30 11:00 14,4 Cis 12:00 13:30 20,1
C, 10:00 11:30 17,3 Ry Cis 12:30 13:30 22,1
&} 09:00 10:00 15,3

C: Customer, S: Service Start, F: Service Finish, D: Customer distance to the FC, R: Delivery region/route.

CONCLUSIVE REMARKS

Transportation has an important share in the
activities in the field of logistics.
Improvements to be made on the duration and
cost of transportation positively affect the total
logistics activities. Planning the vehicles most
appropriately can complicate the problem and
turn it into a problem that cannot be solved in
a reasonable time. For the solution of these and
similar problems, it is tried to obtain a solution
in a reasonable time with metaheuristic
algorithms.

In this study, the VRP for a food company
is discussed. Currently, this business serves 7
different regions. Every customer in each
region requests meals at different times.
Therefore, the business wants to know which

customer will provide the most appropriate
service with which vehicle. Genetic algorithm,
one of the metaheuristic algorithms, was used
in the study to solve this problem. With this
algorithm, different numbers of populations
were repeated for certain times, and the
shortest total distance was found. However, the
same method was used to determine which
vehicle will serve on which route. In the study,
it was observed that significant improvements
were made compared to the current situation.
Accordingly, the findings obtained in the study
positively affected the profitability of the
company because of shorter delivery distances.
Moreover, increased customer satisfaction can
also be considered as a positive effect for long-
term profitability. The metaheuristic algorithm
used in the study does not give the most
optimal result due to the nature of the problem.
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Therefore, mathematical models or simulation
algorithms can be considered as future studies.
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