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Abstract

This paper proposes a hybrid algorithm for an Inventory Routing Problem (IRP) in order to coordinate the
inventory levels and routing between depots as well as balance the use of assets and improve the customer
service level in the supply chain. This type of problems are normally known as IRP and, since it includes
the coordination of inventory then it also includes Vendor Management Inventory (VMI). This implies that
there is cooperation between the members given that decisions made within the supply chain are made by
only one part. In addition, different scenarios are proposed in order to attain the balance of the use of assets
among the parties involved in the supply chain with a deterministic demand and a heterogeneous fleet in
the Colombian beer industry. The three scenarios are: number of nodes visited, total load transported and
total distance travelled. The hybrid algorithm is built up using different techniques. First, it is necessary
to construct the instance based on the information and data provided by the specialist while adding the
new constraints to the mathematical model in order to obtain a feasible solution. Then, a heuristic and
metaheuristic will be implemented taking into account the different decisions that must be made regarding
the allocation of routes, vehicles, establishment of inventory levels, and shortage costs in each of the retailers.
The proposed algorithm determines the best routes along with the inventory levels in the depots and retailers
taking into consideration the balance in the supply chain, while minimizing the overall costs. The solutions
obtained from the mathematical model and the hybrid algorithm are compared with each other in order to
evaluate the quality of the metaheuristic taking into account that the mathematical model gives the optimal
solution. On the other hand, the different balance scenarios are added into the hybrid algorithm to compare
and contrast the different scenarios using different ranges. The outcome includes the hybrid algorithm with
the corresponding balance constraints. The proposed algorithm finds a solution with a difference of 15%
from the one obtained with the mathematical model and in a shorter execution time. It can be concluded
that in all the different scenarios there is an improvement in the balance; with this it is possible to say that
the main objective of distributing the use of assets among the depots equitably was accomplished.

Keywords: IRP, VMI, Balanced Routing Problem, Supply Chain

1. Introduction

An inventory routing problem within a specific planning horizon with multi depots that supply the de-
mand of a single product to multiple retailers is considered. There are multiple vehicles and a heterogeneous
fleet available for transportation. It is important to note that pickup and delivery of the product will be
simultaneous. This means that when the product is delivered to each retailer the empty containers of the
products delivered on the previous period will be picked up and returned to the main depots. Additionally,
the demand is determined at the beginning of each period, based on historical data provided by the special-
ist however, at the end of the day the real demand is revealed and the data is updated. It is important to
mention that in order to reduce the complexity of the project, the load is parameterize since each day the
amount sent is equal to the historical demand, however as mentioned before, at the end of the day the real
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demand is revealed and then compare, in order to calculate the inventory levels or the shortage.

This paper proposes a hybrid algorithm for an inventory routing problem (IRP) in a supply chain with
multiple depots and multiple retailers. The proposed algorithm is compared with the mathematical model in
order to evaluate the quality of the algorithm in terms of the execution time and how close its solution is to
the one obtained from the mathematical model. Once the quality of the algorithm is proven, then algorithm
is executed with the three balance scenarios to show the impact on the costs and the depot’s liabilities. The
main purpose of the project is to design a hybrid algorithm in order to minimize the objective function of
the solution for the IRP in a balanced scheme of assets utilization and customer service level among the
retailers. It is important to clarify that said objective function is composed by the sum of inventory and
transportation costs. In order to achieve the main objective it is necessary to consider specific objectives
which are: i) Define the problem based on the Colombian beer industry context,ii) Create an instance based
on the data provided by a specialist in order to obtain an initial solution using the mathematical model, iii)
Design a hybrid algorithm with the use of different heuristic and metaheuristic while taking into account
the different decisions that must be made regarding the allocation of routes, vehicles, establishment of the
inventory levels in each of the retailers, among others, iv) Make a comparison between both methods based
on the results obtained from the mathematical model and the hybrid algorithm in order to evaluate the
performance of the proposed algorithm , v) Establish and add new constraints to the hybrid algorithm in
order to achieve the balance among all of the retailers, vi) Compare the different results obtained from the
hybrid algorithm in the three scenarios using different ranges.

In order to design a possible solution to the problem, it is necessary to identify and define the tools that
must be used such as: linear programming, heuristics and metaheuristics among others. There are three main
factors that ought to be considered in order to create and develop the model; first, the demand is determin-
istic; second, the transportation is with a heterogeneous fleet, and third, there must exist a balance among
all of the retailers in asset utilization and customer service level. On the other hand, depending on the scale
of the problem it could be categorized as a robust IRP. Once the problem is categorized the mathematical
model and metaheuristic are executed to obtain the results which are then compared. Both metaheuristics
and mathematical models have been applied to solve IRP such as Jayanthi (2017) and Martinez-Sykora and
Bektaş (2015), however there are a few cases that have studied the possibility of balancing the use of assets
between the parties involved since the main purpose is usually to obtain the best possible solution even if
there is an overload in some of the players. This paper presents an effective solution for the IRP considering
coordination and balance among depots with the use of a hybrid algorithm.

Finally, this study will provide the answers to the following questions: i) What is the impact generated
on the performance measurements of an Inventory Routing Problem in a supply chain, including the consid-
erations of coordination among actors within the chain? ii) How do the considerations of a balanced context
affect the performance measurements on the overall costs? iii) How do the considerations of a balanced con-
text affect the performance measurements on the inventory levels per retailer? iv) How do the considerations
of a balanced context affect the performance measurements on the routes? v) How do the considerations of
a balanced context affect the performance measurements on the number of vehicles used?.

2. Literature review

As explained by Coelho et al. (2013), the Inventory Routing Problem (IRP) is the combination of in-
ventory management and vehicle routing problems. It is useful because it provides solutions in which the
routing of the vehicles, management of inventory and schedule of delivery are optimized simultaneously.
Among the different types of IRP there are three main types of networks that depend on the number of
suppliers and clients involved. There is one to one (1-1), one to many (1-M) and many to many (M-M).
Aghezzaf et al. (2006) make use of the IRP in order to determine a distribution plan for high consumption
products that minimizes distribution and inventory costs without causing a stock-out at any point during
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the planning horizon. Soysal et al. (2018) Analyse the benefits of horizontal collaboration related to the
transportation of perishable products in the IRP. Dabiri et al. (2017) present a bi-objective IRP based in real
cases, the first objective is to minimize the inventory holding cost, which in many cases is paid by retailers,
and the second objective is minimizing the transportation cost, which is paid by the suppliers. Coelho et al.
(2013) provide a new algorithm which takes into account the relation between demand and capacities and
is then applied to different instances in order to confirm its performance. Guerrero et al. (2013) consider
an IRP in which there is a new decision that is to determine which depots to open in order to satisfy a
deterministic demand. Shariff et al. (2016) studied location routing inventory problem, which presents sig-
nificant saving costs thanks to the integration of three logistic decision problems which are vehicle routing
problem, inventory management and location- allocation. Liu and Lee (2003) provided a new perspective of
this problem, studying a multi-depot location routing problem. The problem is then solved by a two phase
heuristic method in which a first solution is obtained based on the minimal system cost; then it is used as
an initial solution for phase two as a search for a better outcome.

Soysal (2016) analyse a closed loop IRP which include forward and backward routing and inventory de-
cisions. Salim et al. (2017) study a Periodic Inventory Routing Problem (PIRP) in order to avoid stock-outs
and optimize the total costs in the supply chain, they then solve the problem by using a hybrid genetic
algorithm which finds the best delivery routes. They first constructed an initial solution as a way to control
the stock, minimize storage costs and avoid stock-out during each period. Then they use said solution as a
base to generate the initial population which will be used in the genetic algorithm. As explained by Moin
et al. (2011) genetic algorithm is a search technique, which uses the evolutionary processes as a system in
order to find the nearest solution to the optimal one, between the potential solutions within the search gap.
Jahangir et al. (2018) Study an IRP that allows backorders and since it is an Np-Hard problem they solve
it using the Discrete Invasive Weed Optimization along with the Genetic Algorithm.

On the studies about IRP, there are many cases in which collaboration plays a key role, since it presents
much better results as opposed to the cases in which it is not considered. Guajardo and Rönnqvist (2016)
provide a survey about cost allocation methods, based on collaborative transportation; comparing prob-
lems on vehicle routing, transportation, salesman, planning, distribution, and inventory. Hafezalkotob et al.
(2018) studied cooperative advertising. They suggested cooperative game theory methods such as Shapley
value, Core-center and Least core which show that the profit obtained from coalition is greater than indi-
vidual profits of the members. Razmi et al (2018) showed that cooperative games improve the cost savings
in natural gas distribution networks through horizontal cooperation. Arango et al. (2015) applied collabo-
ration to a many to many IRP and by using the genetic algorithm reduced the distribution costs by 20%.
Nambirajan et al. (2016) consider not only collaboration but also the possibility of replenishments, by doing
so there was an improvement of 6.08% in the overall results. Coelho and Laporte (2014) analyzed the deci-
sions of when, how and how much to replenish customers with certain products with different ages by using
the IRP and solving it with the branch and cut algorithm. Cheng and Weng (2019) as Nambirajan et al.
(2016) mentioned before, use genetic algorithm in this case in order to find the optimal warehouse storage
assignment. Moreover, Lappas (2018) based their solution in two well known metaheuristics, the simulated
annealing algorithm and the genetic algorithm, the last one used during the planning phase. Arango-Serna
et al. (2016) also use a genetic algorithm for the IRP with collaboration model solution, showing a better
performance than if the optimization was made independently.

A concept which is commonly used with IRP is Vendor Managed Inventory (VMI). Bertazzi et al. (2019)
explained VMI as a strategy where the supplier decides when and how much to deliver. This study shows
the impact of a VMI system applied to nanostores located in the South of Asia by using a matheuristic
algorithm. Park et al. (2016) explain that even though there are additional inventory carrying costs for the
vendors when VMI is applied, the increased sales, higher efficiency of production and lower transportation
costs make up for the aforementioned additional costs. Shen et al. (2011) applied VMI in a crude oil trans-
portation problem using a lagrangian relaxation algorithm getting better solutions in less computation time
with the average cost improvement 10.91%.
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Coelho et al. (2012) introduced a model for the IRP which allows transshipments between customers as
well as from suppliers to customers. This new addition to the IRP can find a solution in which the overall
costs can be reduced more as compared to a normal IRP solution. Furthermore, IRP with transshipments
can only be solve for small scenarios as is shown by Lefever (2018), who used the sample average approx-
imation algorithm in order to obtain an optimal solution in a reasonable computation time. The model
is then solved using the Adaptive Large Neighborhood Search (ALNS) heuristic. The ALNS heuristic is
capable of generating good solutions despite the problem being very difficult to solve using simpler methods
due to its complexity. Coelho et al. (2012) introduce an IRP with transshipment and with the option to
control transportation costs and reduce greenhouse gas emissions. Peres et al. (2017) Solve the IRP problem
with transshipment in the retail industry and reduced about 70% in the number of products kept in stock.
Lefever et al. (2018) improve the IRP with transshipment proposing four different ways. Moreover, Coelho
and Laporte (2013) developed a new algorithm in order to solved the classical IRP and achieved flexibility
through the use of transshipment.

Avci and Topaloglu (2015) consider a vehicle routing problem with simultaneous pickup and delivery
which means customers can receive and send goods at the same time. Then the problem is solved by using a
hybrid algorithm between the Simulated Annealing and Variable Neighborhood Descent algorithms. Boua-
nane et al. (2018) work with a similar scenario in which simultaneous pickup and delivery are considered as
a way to find a solution which minimizes the costs in terms of total travel distance and number of vehicles.
In order to solve said problem a hybrid Genetic Algorithm is developed. Iassinovskaia et al. (2017) Study
a pickup and delivery IRP of companies which have Returnable Transport Items (RTI) and are in charge
of collecting the empty RTIs in order to reuse them in the future. A cluster first-route metaheuristic is
proposed to solve the problem considering a large instance.

Martinez-Sykora and Bektaş (2015) considers a node-Balanced Routing Problem (BRP) where the num-
ber of nodes that are included in each route is restricted to be within a specific interval in order to balance
the workload among the different routes. This problem is relevant since it can be modified to solve problems
with one or various depots as well as problems with homogeneous or heterogeneous fleets. Moreover, the
study applies computational experiments for each of the transformations mentioned before to prove that the
balance can be used in all of the different scenarios. Sawik (2015) present a problem with fair optimization
in regards of the two main objective functions which are the costs and the customer service level. The most
important contribution is that it proposes a Stochastic Mixed Integer Programming model for the scheduling
in a supply chain while making sure to equitably optimize expected cost and customer service among the
different suppliers. Jayanthi (2017) solve a problem that considers the balanced routing of goods among the
supply chain in order to improve the use of resources as well as the service level in the supply chain. The
solution proposed consists of a heuristic divided into three different stages.

This study is developed considering the multi-depots IRP (MDDSIRP), proposed by Coehlo et al. (2013).
The model that will be developed in this study analyzes a system in which the supplier has several depots and
a heterogeneous fleet, also, the demand is deterministic. Furthermore, considering the NP-Hard problem,
a hybrid algorithm will be developed and it will be compared to the mathematical model in order to find
the best method. Despite there being some studies that consider the balance between players to a multi-
depot multi-vehicle IRP (MDMVIRP) such as Jayanthi (2017) and Martinez-Sykora and Bektaş (2015),
there are few cases that have investigated this topic, that is why, this study will take into consideration
the possibility of balancing the different resources among the supply chain entities. Moreover, the problem
will be solved using two different tools which are: a mathematical model and a hybrid algorithm containing
different heuristics and metaheuristics such as a Genetic Algorithm and the Travelling Salesman Problem.
The proposed algorithm is compared with the mathematical model in order to evaluate the quality of
the algorithm in terms of the execution time and how close its solution is to the one obtained from the
mathematical model. Once the quality of the algorithm is proven, then algorithm is executed with the three
balance scenarios to show the impact on the costs and the depot’s liabilities.
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3. Problem Definition

In this study an inventory routing problem with multiple depots, retailers and a heterogeneous fleet is
considered within a specific planning horizon. Within this problem retailers represent the stores, depots
represent the distribution centers and there is a single product transported. The pickup and delivery of said
product is simultaneous. Additionally, the demand is determined at the beginning of each period, based on
historical data however, at the end of the day the real demand is revealed and the data is updated. It is
important to mention that in order to reduce the complexity of the project, the load is parameterized since
each day the amount sent is equal to the historical demand, however as mentioned before, at the end of the
day the real demand is revealed and then compared in order to calculate the inventory levels or the shortage.
On the other hand, the specific planning horizon consists of five days, nevertheless decisions are made day
by day and not one decision considering the whole planning horizon.

Additionally in this study the performance of the algorithm is evaluated by comparing its results with
the ones from the mathematical model and three balance equations are designed such as: number of nodes
visited , total load transported and total distance travelled, each one seeks a better distribution of assets of
each depot. These balances are important to the company since they allow that each depot has a similar
responsibility and there is not an overload in any of the depots. In order to evaluate how the balance sce-
narios affect the problem in terms of costs and balance of assets utilization, different slacks are applied to
obtain different ranges where the balance can fluctuate. Since the problem consider two depots, the ideal
percentage of participation is 50% each, this participation percentage applies to the balance of visited nodes
and load transported, while the balance of distance travelled consider the amount of depots as well as the
amount of type of vehicles for this reason the ideal participation percentage is 25% of each. Figure 1 is an
example of how the participation percentages are divided and the result of the ranges where the balance can
oscillate for the different contexts in the Colombian beer industry.

Figure 1: Representation of the different balance schemes

The problem is solved using two methods: a mathematical model and a metaheuristic that will be com-
pared afterwards. First, the algorithm establishes the routes; the inventory levels per retailer in a specific
time horizon, as well as the type of vehicle used for each route. This will be done while taking into account
the constraints of vehicle capacity, the demand and the additional constraints in order to attain the balance
of asset utilization among the actors of the supply chain, minimizing the costs incurred. It should be noted
that there are two demands, the forecast that is made with the historical data at the beginning of the day,
and the real demand that is known at the end of the day.

As mentioned before, the arcs are composed by the vertices Vd = {1, . . . ,m} that represent m suppliers,
and the vertices Vc = {m + 1, . . . , n} that represent n retailers. Additionally, the problem is defined over a
finite time horizon P = {1, . . . , P} in which decisions are made day by day. Each node Vd has a limited het-
erogeneous fleet H = {1, . . . ,H} with different capacities. |H| represents the number of vehicle types h with
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capacity Qh h ∈ H and vih corresponds to the number vehicles of type h available to each supplier i ∈ Vd.
The use of vehicle h by supplier i incurs in a cost Fih. Each node i ∈ V has an initial inventory I0i , that is
going to be updated at the end of each period in order to obtain the inventory level Ii according to a demand
di for each retailer i ∈ Vc , taking into account the maximum inventory capacity Ui and the associated cost
hi. Moreover, li is the shortage in each node i and the associated cost zi. Supplier i produces a quantity ri
each period taking into account the maximum capacity. As mentioned before, the total costs incurred are
divided in three parts: the inventory costs, shortage penalties and finally, vehicle and transportation cost.
The objective is to minimize the overall costs as long as the conditions are fulfilled.

3.1. Mathematical Model

The following model is based on Coelho et al. (2012) who considered an IRP model with transshipments,
Lahyani et al. (2015) who scheduled a multi-depot VRP model and Gavish and Graves (1978) who establish
the seminal models. This model works with the following variables: binary variable xijk is equal to one if
node i and node j are visited by vehicle h which belongs to the supplier din the period of time t. Binary
variable ydih is equal to one if node i is visited by vehicle h. The variables mentioned before can be used
only if retailer j immediately follows retailer i on the route of a vehicle type h in a period. Moreover, the
model works with the following positive integer variables: qi denotes the quantity of product delivered to
retailer i at the begin of the period. Also Ii denote the inventory level at node i at the end of the period and
denote Li as the units of products of lost demand occurred at the end of the period. The model also uses
the variable uij indicating the load of the vehicle traversing the arc i, j. However, it is important to mention
that the model presented in this article will be used as a base for the collaboration scheme proposed and
the necessary modifications will be made; for instance, Coelho et al. (2012) uses t as a sub index for periods
while in the model presented here, t as a sub index has been eliminated because the solution is proposed for
each individual period as data is constantly updated.

Objective function

Minimize (Ico + T co + Vco) (1)

Ico =
∑
i∈V

hiIi +
∑
i∈Vc

ziLi (2)

Vco =
∑
i∈Vc

∑
h∈H

∑
d∈Vd

Fdhx
d
dih (3)

T co =
∑
i∈V

∑
j∈V

∑
h∈H

∑
d∈Vd

cijx
d
ijh (4)

Inventory level equations

Ii = Io + ri −
∑
j∈Vc

uij i ∈ Vd, j ∈ Vc (5)

Ii ≥
∑
j∈Vc

uij i ∈ Vd, j ∈ Vc (6)

Ii = Io + qi − di + Li i ∈ Vc (7)

Ii ≥ 0 i ∈ V (8)

Li ≥ 0 i ∈ Vc (9)
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Route and vehicle constraints ∑
h∈H

∑
d∈Vd

ydih ≤ 1 i ∈ Vc (10)

ydih ≤ yddh i ∈ Vc, h ∈ H, d ∈ Vd (11)

yddh ≤
∑
i∈V

∑
j∈V

xd
ijh h ∈ H, d ∈ Vd, (12)

2ydih ≤
∑
j∈Vc

xd
jdh +

∑
i∈Vc

xd
djh h ∈ H, d ∈ Vd (13)

∑
j∈V

xd
ijh +

∑
i∈V

xd
ijh <= 2ydih i ∈ Vc, h ∈ H, d ∈ Vd (14)

∑
i∈V

xd
ijh =

∑
i∈V

xd
jih j ∈ V, h ∈ H, d ∈ Vd (15)

∑
i∈Vc

∑
d∈D

xd
ijh ≤ vjh j ∈ Vd, h ∈ H (16)

∑
i∈Vc

∑
d∈D

xd
jih ≤ vjh j ∈ Vd, h ∈ H (17)

xd
ijh = 0 i ∈ Vc, j ∈ Vd, j 6= d, h ∈ H, d ∈ Vd (18)

xd
ijh = 0 i ∈ Vd, i 6= d, j ∈ Vc, h ∈ H, d ∈ Vd (19)

xd
ijh = 0 i ∈ Vd, j ∈ Vd, h ∈ H, d ∈ Vd (20)

xd
ijh ∈ 0, 1 i, j ∈ V, h ∈ H, d ∈ Vd (21)

Inventory constraints

ydih ∈ 0, 1 i ∈ V, h ∈ H, d ∈ Vd (22)

qi ≥ Ui

∑
j∈Vc

xd
ijh − Ii i ∈ Vc, h ∈ H (23)

qi ≤ (Ui − Io) i ∈ Vc (24)

qi ≤ Ui i ∈ Vc (25)

Ii ≤ Ui i ∈ Vc (26)

Load and capacity transportation constraints

uij ≤
∑
h∈H

∑
d∈Vd

Qhx
d
ijh i ∈ V, j ∈ Vc (27)

∑
i∈V

uij −
∑
i∈V

uij = qj j ∈ Vc (28)
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∑
i∈Vd

∑
j∈Vc

uij =
∑
j∈Vc

qj (29)

uij ≥ 0 i ∈ R j ∈ V (30)

Balance constraints

SNV =
∑
d∈Vd

∑
i∈V

∑
j∈V

∑
h∈H

xd
ijh (31)

BN =
∑
i∈V

∑
j∈V

∑
h∈H

xd
ijh d ∈ Vd (32)

BN ≥ SNV ∗maxnode (33)

BN ≤ SNV ∗minnode (34)

SCT =
∑
i∈Vc

∑
j∈Vd

uij (35)

BC =
∑
i∈Vc

uij j ∈ Vd (36)

BC ≥ SCT ∗maxload (37)

BC ≤ SCT ∗minload (38)

SDR =
∑
d∈Vd

∑
i∈V

∑
j∈V

∑
h∈H

xd
ijhdistij (39)

BD =
∑
i∈V

∑
j∈V

xd
ijhdistij d ∈ Vd h ∈ H (40)

BD ≥ SDR ∗maxdist (41)

BD ≤ SDR ∗mindist (42)

In Equation 1, the objective function minimizes the total cost, including the cost of inventory, vehicle and
routing that are evidenced in Equations 2 to 4. Likewise the cost of inventory and shortage are represented
as ICO, the cost of vehicles as VCO and finally the cost of routing as TCO. In order to make it possible
to obtain the minimum solution, the objective function is subject to a set of constraints denoted as follows:
First, it is important to define the inventory level of each supplier in a period of time, that is exposed in
Equation 5. The level is defined by the initial inventory level plus the production of the supplier ri minus
the total quantity dispatched to the retailers using the supplier’s vehicle. Equation 6 guarantees that the
suppliers’ inventory level in a period is substantially bigger than the total quantity sent to the retailers in
the previous period. It is also important to determine the inventory level of the retailers at the end of each
period, which is defined by using the previous inventory level, the quantity of the product qi, the real demand
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d and the units of the lost demand of the product L and it is shown in Equation 7. Finally Equations 8 and 9
correspond to the inventory level which must be greater or equal to zero. On the other hand, the Equations
10 to 22 correspond to the constraints of routes and vehicles. Equation 10 ensures that the retailers must be
visited no more than once per period and just by one type of vehicle. Likewise Equation 11 establishes that
if the supplier d is active it can be assigned to a retailer i to be served by the vehicle type h. Equation 12
restricts the possibility of a vehicle being assigned unless a retailer is assigned to a route. While Equation 13
ensures that every vehicle that is assigned to a route must return to its point of origin which corresponds to
the suppliers’ depot. Additionally, Equations 14 and 15 establish the flow conservation, since the vehicle must
visit a single retailer once per period the sum can be maximum 2 and a retailer can only be visited once per
period, in both the nodes i to j and the nodes j to i the sum must be the same. Likewise, Equation 16 assures
that suppliers cannot use more vehicles than those who were assigned to them and Equation 17 determines
the total amount of vehicles of each type that belong to each supplier. The objective of constraints 18 to 20,
is to eliminate some unfeasible variables from the problem, by guaranteeing that all departing vehicles must
return to the same depot. Lastly, since the variables x and y are binary, Equations 21 and 22 establish the
domain of said variables. Equations 23 to 26 correspond to the constraints of the inventory, where Equations
23 and 24 represent the lower and upper limits of the quantity of product delivered to the retailer i. Equation
23 restricts the product replacement order in retailer i ; since it is the lower limit, it must ensure that the
quantity delivered to the retailer does not exceed the limit established by Equation 24 which determines
that the quantity of product delivered to retailer i can not be greater than the retailer’s maximum inventory
capacity minus the final inventory in the previous period. On the other hand, Equations 25 and 26 ensure
that both the quantity of the inventory I and the quantity of the product delivered to the retailers q are
less or equal to the maximum inventory capacity U of each node. Equations 27 to 30 establish the load and
capacity of transportation. In the first place, according to Equation 27 the capacity of each one is established
depending on the type of vehicle. Second, Equation 28 prevents the appearance of a subtour throughout the
problem, this means that it is necessary to eliminate the possible loop of visiting a retailer more than once
per period. Equation 29 determines that the total freight leaving all the depots of the suppliers must be equal
to the total retailers’ demands. Lastly, Equation 30 guarantees that any load must be bigger or equal to zero.

In order to attain balance of the parties involved in the supply chain, it is necessary to add the following
positive integer variables; SNV, defined in the equation 31, which is the sum of the binary variable x, that
denotes the total quantity of visited nodes by the depots and the types of vehicles; BN that is defined in
the equation 32, which corresponds to the total number of nodes visited by the types of vehicles per depot
in each period; SCT, defined in the equation 35, which is the sum of the positive integer variable u, that
denotes the total load among all the depots; BC that is defined in the equation 36, which is the sum of
the variable u, that corresponds to the total transported load by each individual depot; BD, defined in the
equation 40, which is equal to the sum of the product between variable x and the distance between two
nodes which stands for the total distance travelled per depot and vehicle; and lastly SDR that is defined in
the equation 39, which represents the total distance travelled amidst all the depots. In order to increase the
possibility of obtaining a better outcome, the program is executed while applying different values for the
slack used for the balance equations. To make this possible the following double parameters are added to the
model: factor1, factor2, factorL1, factorL2, factorD1 and factorD2, where the parameters with a 1 next to it
correspond to the division of one hundred over the amount of depots and in the special case of the factorD1,
the division is over the sum between the types of vehicles and the amount of depots. In order to create
the different ranges of the slack, said results from factor one are varied between 0 and 80 percent. Finally,
the parameters maxnode, maxload and maxdist represents the sum between both factors, while minnode,
minload and mindist correspond to the subtraction of the factors. Equations 31 through 42 correspond to
the pairs of equations to achieve the desired balance. The three balance scenarios are constructed under
the same structure which establishes that the sum of each variable per depot cannot be greater or less than
the parameterized percentage of the total of the variable. Equations 33 and 34 correspond to the balance
between nodes visited, equations 37 and 38 to the balance between the amount of product transported by
each supplier, while equations 41 and 42 establish the balance of the distance traveled by each of the depots
including the types of vehicles.
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3.2. Metaheuristic

3.2.1 Overview for the Metaheuristic

The proposed metaheuristic has two main components which are: the Genetic Algorithm (GA) and the
K Nearest Neighbor Algorithm (KNN). The GA is used to determine which depot will provide each retailer
with the products and the KNN is used to find the best routes from each depot taking into account the
previous decision and the . Since it is an iterative method then the solution will evolve onto a final feasible
solution. Initially, the parents from the first generation are created randomly in order to have a broader set
of solutions thus, increasing the possibilities to obtain a better outcome. Then, through a set of operations
crossover takes place in order to create each offspring as well as the mutation which is applied to increase
diversity among the individuals. Each new offspring is included into the current population as long as its
solution is feasible and once the new population is complete the fitness level is calculated for each individual.
The fitness level is based on the value for the objective function which represents the overall costs including:
costs of inventory, vehicle and routing. Lastly, the selection process takes place, the individuals with highest
fitness levels are kept in the population for further iterations while the others are discarded. This process is
repeated until the number of iterations reaches the amount determined by the user and in that moment the
program returns the best feasible solution. Table 1 shows a representation of a chromosome and Figure 2 the
routes created after applying KNN algorithm considering the previous assignment from a small instance with
two depots, two periods and six retailers.The interaction of both algorithms is represented on the Figure 3.

Table 1: Chromosome representation for the genetic algorithm

Figure 2: Feasible Scheduling
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Figure 3: Basic structure of the metaheuristic
3.2.2 Genetic Operator

Two genetic operators are used, a crossover operator and a mutation operator. In terms of the crossover
operators, for this study three different operators are proposed in order to obtain better results and increase
the variability on each offspring. These operators are illustrated in figure 4, 5 and 6 respectively. One
point crossover: A crossing point is randomly chosen within the length of the chromosome and two parents
are chosen randomly making sure they are different. The sub-section of the first parent up to the crossing
point is then passed onto the offspring and the remaining section is copied from the second parent. Figure
4 illustrates a one point crossover with a crossing point in the 7th retailer of the chromosome. Two point
crossover: Two crossing points are randomly chosen within the length of the chromosome as well as two
different parents. The sub-section of the first parent up to the first crossing point and from the second
crossing point up until the end of the chromosome is then passed onto the offspring. The remaining sec-
tion within the two crossing points is then copied from the second parent. It is important to clarify that
the second crossing point must be further among the length of the chromosome than the first. Figure 5
illustrates an example of a two point crossover with crossing points in the 5th and 10th retailers of the
chromosome. Three point crossover: Three crossing points are randomly chosen within the length of the
chromosome, dividing it into four sub-sections as well as two different parents. The first and third sub-
sections are copied from the first parent and the remaining two sections are copied from the second parent.
It is important to clarify that the second crossing point must be further along the length of the chromo-
some that the first and the third must be further than the other two crossing points. Figure 6 illustrates an
example of a three point crossover with crossing points in the 4th, 8th and 11th retailers of the chromosome.

11



Figure 4: One point crossover

Figure 5: Two point crossover

Figure 6: Three point crossover

3.2.3 K Nearest Neighbor Algorithm
This algorithm is used in order to find the best route for each depot taking into account the chromosome

previously determined by the GAas well as the amount of product transported. The KNN works finding the
nearest point from a retailer or a depot to anyone of the players in the problem that has not been visited
yet. For example, as it is shown in the figure 2, in the first period for the first supplier, the route started on
the depot and continue to the nearest retailer, which in this case is the number four, then the algorithm find
the nearest retailer, now from the retailer determined before, and verify the vehicle capacity. This continues
until all the retailers have been visited.

The solution obtained from the metaheuristic specifies the different routes created, the type of vehicle
per route, the number of retailers visited, the total distance travelled, the amount of product transported
and the overall costs per route and per retailer.
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4. Methodology

To develop the solution for the problem described above, since it is a NP-hard problem, the methodology
that will be used consists of four main steps. Based on the information provided by the Specialist in the
Colombian beer industry and the additional literature research, the problem is defined considering all the
variables that are in the mathematical model including the new constraints that belong to the balance among
retailers and the aforementioned context. A series of data is collected which includes distance, demand, costs
and inventory, in order to create a first instance and identify the different variables in the problem. Once
all the initial data is collected, it is organized so that it can be used as a first instance, which would be
necessary to obtain the first feasible solution based on the results of the mathematical model. A hybrid al-
gorithm is designed in order to obtain a solution in a reasonable time horizon at the time of execution based
on the mathematical model proposed and combining different techniques such as the implementation of a
heuristic and metaheuristic. To fulfill the design it is necessary to consider the different constraints which
are classified into four main groups: inventory level, route and vehicules, load and capacity transportation
and the balance strategies.Finally, the quality of the solution obtained from the metaheuristic designed is
evaluated, comparing it to the results gathered by the mathematical model. Then, the metaheuristic’s re-
sults are compared with each balance scheme as well as with the initial problem that does not consider any
balance scenarios. For each instance and for each scenario the metaheuristic is executed taking into account
different values for the slack in order to compare the results within each one of them. With the purpose
of establishing the slack, the balance scenarios are parameterized based on the number of depots and the
amount of types of vehicles for every instance. The data that will be analyzed are the number of nodes that
are visited, the load and the total traveled distance per each depot and period. Moreover, the total cost per
solution will be compared, including inventory, shortage, vehicle and transportation costs

Figure 7 demonstrates all the activities and tools necessary to achieve each of the specific objectives
mentioned above as well as their outcomes. It is important to mention that the objectives and the results
with the same color are related, this means that by accomplishing each objective shown the corresponding
outcome will be obtained. On the other hand, as shown in figure 7 each of the main steps of the specific
objectives described has a series of expected outcomes. Since the main objective is to propose a model for
the cooperation of IRP and balance among retailers that is iterative and incremental, each outcome must
be added at the end of each step in order to accumulate and improve the different pieces that build up the
model.
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5. Results

In order to evaluate the performance of the metaheuristic it is compared with the mathematical model;
once the quality of the metaheuristic is proven, then the metaheuristic is executed with the three balance
scenarios to show the impact on the costs and the depot’s liabilities. The performance of the metaheuristic
is evaluated using three instances with the same number of retailers, distance, cost and with different values
for the demand by measuring how close its solution is to the one obtained from the mathematical model
taking into account the executed time between both methods. Given that the time of execution for the
metaheuristic is significantly longer than the one from the mathematical model then the solutions will be
obtained only from the metaheuristic and for each one of the balance scenarios which are: the number of
nodes visited, the amount of product transported, and total distance travelled, taking into account different
values for the slack in order to compare the results within each one of them. The percentages applied are:
0, 20, 40, 60, and 80 over and under the corresponding factor measured. The optimization model was solved
using CPLEX 9.1 with a gap of 0%.

Performance evaluation of the proposed Hybrid Algorithm

Table 2 shows the comparison of the time of execution and the total cost between the mathematical model
and metaheuristic. It can be seen in said table that the execution time differs by a large amount of time since
the mathematical model takes 3 hours and 32 minutes and the metaheuristic takes 5.25 minutes. Figure 8
shows a detailed comparison of the completion time for each instance for both methods. Additionally, the
cost varied approximately a 15%, and can be concluded that the solution obtained from the metaheuristic
has a good quality and can be used to apply the balance scenarios.

Table 2: Comparison of the improvement percentages of both methods
Instance Method Execution time FO %Var

First
Mathematical Model 3:21:19 $1.186.596.335

14,35%
Metaheuristic 0:04:42 $1.385.401.440

Second
Mathematical Model 3:43:27 $1.140.303.443

15,20%
Metaheuristic 0:06:21 $1.344.697.456

Third
Mathematical Model 3:33:45,97 $1.235.133.315

14,83%
Metaheuristic 0:04:43 $1.450.197.622
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Figure 8: Comparison of the execution time of both methods

Performance evaluation of the proposed balance scenarios

In order to evaluate the impact of the proposed balance scenarios, first the problem is solved without
considering any balance and then it is run with each scenario: the number of nodes visited, the amount of
product transported, and total distance travelled taking into account the three instances and the different
values for the slack. However, the slack of 0% was not applied since the values are too strict and decrease
the possibility to find a feasible solution. Tables 3, 4 and 5 show the results obtained from the different
balance scenarios after applying each of the different slacks determined previously in terms of the percentage
of participation and the total cost.

Table 6 shows the average increment on the overall costs as well as the percentage of improvement in
the balance between the depots before and after applying a balance with a slack of 20%. Said value for
the slack represented the best improvement in terms of the balance of each depot’s liabilities, nonetheless
it represented a larger increment on the overall costs. For example, in the balance scenario of the total
amount of load transported the balance improves a 45.11% and has an increment of $33,123,964 in terms of
costs, for the balance of the number of nodes visited the improvement is 34.30% and there is an increment
of $21,390,589 on the cost. Finally, the total distance travelled scenario has an improvement of 47.58% in
the balance and has an increment of $68,266,009. Even though the cost increase by considering a balance
scenario, this strategy can be beneficial since it is a way to distribute the responsibility among the actors and
it can be seen in the long term thus, increasing the profits of the company. For example, it is not profitable
to have a depot whose participation is only 5% and incurs on maintenance, workforce and administrative
costs, and at the same time having another depot whose participation is 95% and is overloaded with work.
It is important to note that in some cases, especially when applying a balance of 60% and 80%, the solution
does not change to the one from the scenario without balance. This happens because the range considered
is too broad, and the best possible solution is already within that range.
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Table 3: Participation percentage for each depot in the different scenarios with and without the balance of
the number of nodes visited

Number of nodes visited

Instance Balance with slack
Depot

FO
1 2

First

Without slack 75,36% 24,64% $1.385.401.440
20% 49,23% 50,77% $1.411.927.652
40% 60,55% 39,45% $1.392.756.932
60% 75,36% 24,64% $1.385.401.440
80% 75,36% 24,64% $1.385.401.440

Second

Without slack 62,15% 37,85% $1.344.607.456
20% 48,75% 52,25% $1.363.654.309
40% 62,15% 37,85% $1.344.607.456
60% 62,15% 37,85% $1.344.607.456
80% 62,15% 37,85% $1.344.607.456

Third

Without slack 71,08% 28,92% $1.450.197.622
20% 54,62% 45,38% $1.468.796.324
40% 54,62% 45,38% $1.458.796.324
60% 71,08% 28,92% $1.450.197.622
80% 71,08% 28,92% $1.450.197.622

Table 4: Participation percentage for each depot in the different scenarios with and without the balance of
the total amount of product transported

Total amount of product transported

Instance Balance with slack
Depot

FO
1 2

First

Without slack 74,55% 25,45% $1.385.401.440
20% 54,34% 45,66% $1.418.646.209
40% 65,19% 34,81% $1.397.350.311
60% 74,55% 25,45% $1.385.401.440
80% 74,55% 25,45% $1.385.401.440

Second

Without slack 72,76% 27,24% $1.344.697.456
20% 53,04% 46,96% $1.385.710.322
40% 60,52% 39,48% $1.357.428.901
60% 72,76% 27,24% $1.344.697.456
80% 72,76% 27,24% $1.344.697.456

Third

Without slack 83,49% 16,51% $1.450.197.622
20% 55,76% 44,24% $1.475.311.879
40% 69,01% 30,99% $1.466.384.803
60% 69,01% 30,99% $1.466.384.803
80% 83,49% 16,51% $1.450.197.622

Table 5: Participation percentage for each depot in the different scenarios with and without the balance of
the total distance travelled
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Total distance travelled

Instance Balance with slack
Depot

FO
1 2

First

Without slack 18,01% 81,99% $1.385.401.440
20% 41,77% 58,23% $1.449.407.183
40% 35,55% 64,45% $1.423.285.960
60% 31,67% 68,33% $1.419.285.960
80% 18,01% 81,99% $1.385.401.440

Second

Without slack 26,22% 73,78% $1.344.607.456
20% 54,69% 45,31% $1.415.832.934
40% 35,55% 64,45% $1.397.823.765
60% 26,22% 73,78% $1.344.607.456
80% 26,22% 73,78% $1.344.607.456

Third

Without slack 16,48% 83,52% $1.450.197.622
20% 55,00% 45,00% $1.519.764.429
40% 36,89% 63,11% $1.485.376.217
60% 18,57% 81,43% $1.479.462.585
80% 16.48% 83,52% $1.450.197.622

Table 6: Improvement percentages and costs increase between the scenario without balance and a slack of
20%

Balance schemes Improvement Percentage Cost Increase ($)
Load transported 45,11% $33.123.964

Nodes Visited 34,30% $21.390.589
Distance Travelled 47,58% $68.266.009

6. Conclusions

The paper proposes a hybrid algorithm for an Inventory Routing Problem (IRP) in order to coordinate
the inventory levels and routing between depots through different balance scenarios which are: the number
of nodes visited, the amount of product transported, and total distance travelled within depots. This is
done with the purpose of distributing the depot’s liabilities equitably and to evaluate how the performance
measurements are affected. In order to evaluate the performance of the proposed hybrid algorithm, the
mathematical model is adjusted to the Colombian beer industry to compare the obtained results and make
evident the effectiveness of the algorithm. The main impact obtained from the solution is an improvement
on the distribution of each depot’s liabilities according to each one of the balance schemes that were applied
to the problem. The improvement obtained from the balance of nodes visited averaged is 34.30%, the im-
provement obtained from the balance of the amount of product transported averaged is 45.11% lastly, the
improvement obtained from the balance of the total distance travelled averaged 47.58%. When comparing
the results from the aforementioned scenarios, it can be concluded that the balance of the total distance
travelled represents the largest value for the objective function because it increases by $68,266,009, this is
due to the fact that this scenario affects the parameter that incurs on higher costs and represent the higher
improvement of the balance of the depots responsibility.

When applying the different balance scenarios, it can be seen that the inventory levels remain stable
because the algorithm proposed is focused on reducing inventory levels by supplying the exact amount fore-
casted; unfortunately, this means that in some cases there can be shortage costs due to the fact that at the
end of the day the real demand is revealed and then compared with the demand forecasted to obtain the
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inventory level or shortage. Among the three balance schemes, the balance of the number of nodes visited
and the total distance travelled generate a larger impact on the amount of vehicles used. Finally, the balance
between nodes and distance corresponds to the scenarios with more impact on the performance of the routes
and the number of vehicles used per depot, due to the fact that in the first equation we can appreciate a
balance in both cases since at the moment of the balance of the number of nodes visited per depot, indirectly
the amount of vehicles used per depot is also affected. While the third equation which refers to the balance
of distance, each depot visited a different amount of nodes, this means that the number of vehicles used is
independently for each depot involved.

Independently of the balance equation added to the metaheuristic, for this study it is not considered the
slack of 0%, due to the fact that the participation percentage per depot would be restricted to be of exactly
50% for each and it is not possible to find a feasible solution. As mentioned before, the metaheuristic has
an execution time of 5.25 minutes, while the mathematical model differs by a large amount of time since it
takes approximately 3 hours and 32 minutes. Since the execution time of the mathematical model is higher,
the balance equations are added to the metaheuristic due to the fact that it finds a close solution to the
optimal. It is also important to take into account that the model is limited by a restriction that does not
allow the depots to visit any retailers whose demand has already been satisfied, making it harder to achieve
a great outcome from the balance of the number of nodes visited.There are three possible extensions for
the problem presented in this paper. For example, the number of depots can be increased in order to see
how the complexity of the problem changes as well as the use of assets per depot. Additionally, further
investigations could apply a different method to obtain the solution called Rolling Horizon, which constructs
the solution as the planning horizon expands, increasing by periods. Lastly, the problem can be solved while
considering the environmental impact when using the balance scenarios as well as the management of the
waste generated by the depots and retailers.

7. Glossary

ALNS: Large Neighborhood Search Algorithm
BRP: Balanced Routing Problem
CO-IRP: Collaborative Inventory Routing Problem
GA: Genetic Algorithm
IRP: Inventory Routing Problem
TSP: Travelling Salesman Problem
VMI: Vendor Managed Inventory
VRP: Vehicle Routing Problem
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