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a b s t r a c t

The transition to sustainable food supply chain management has brought new key logistical aims such as
reducing food waste and environmental impacts of operations in the supply chain besides the traditional
cost minimization objective. Traditional assumptions of constant distribution costs between nodes,
unlimited product shelf life and deterministic demand used in the Inventory Routing Problem (IRP)
literature restrict the usage of the proposed models in current food logistics systems. From this point of
view, our interest in this study is to enhance the traditional models for the IRP to make themmore useful
for the decision makers in food logistics management. Therefore, we present a multi-period IRP model
that includes truck load dependent (and thus route dependent) distribution costs for a comprehensive
evaluation of CO2 emission and fuel consumption, perishability, and a service level constraint for
meeting uncertain demand. A case study on the fresh tomato distribution operations of a supermarket
chain shows the applicability of the model to a real-life problem. Several variations of the model, each
differing with respect to the considered aspects, are employed to present the benefits of including
perishability and explicit fuel consumption concerns in the model. The results suggest that the proposed
integrated model can achieve significant savings in total cost while satisfying the service level
requirements and thus offers better support to decision makers.

& 2015 Elsevier B.V. All rights reserved.

1. Introduction

Ensuring collaborative relationships throughout a supply chain is
an effective strategy to gain competitive advantage. Vendor Managed
Inventory (VMI) refers to a collaboration between a vendor and its
customers in which the vendor takes on the responsibility of mana-
ging inventories at customers (Hvattum and Løkketangen, 2009). The
vendor decides on quantity and time of the shipments to the
customers, but has to bear the responsibility that the customers do
not run out of stock (Andersson et al., 2010). The VMI policy is often
regarded as a win–win arrangement: suppliers can better coordinate
deliveries to customers, since the vehicle routes can be based on the
inventory levels observed at the customers rather than the replenish-
ment orders coming from the customers, and customers do not have
to dedicate resources to inventory management (Coelho et al., 2012a;
Campbell et al., 1998; Raa and Aghezzaf, 2009). Due to such benefits,
and the increase in availability of monitoring technologies facilitating
the share of accurate and timely information among the chain
partners, the VMI policy has received much attention in recent years.
However, execution of the VMI policy in an effective way is not a

simple task, since under this policy the vendor has to deal with an
integrated problem consisting of its own vehicle routing decisions and
inventory decisions of customers (Campbell and Savelsbergh, 2004;
Raa and Aghezzaf, 2009). This integrated problem, especially arising in
VMI systems (Yu et al., 2008), is known in the literature as the
Inventory Routing Problem (IRP).

The IRP addresses the coordination of two components of the
supply chain: the inventory management and the vehicle routing
(Jemai et al., 2013). A generic representation of the IRP is illustrated in
Fig. 1. The traditional objective is to minimize total distribution and
inventory costs during the planning horizon without causing stock-
outs at any of the customers (Aghezzaf et al., 2006). The supplier has
to make three simultaneous decisions: (1) when to deliver to each
customer, (2) how much to deliver to each customer each time it is
served, and (3) how to combine customers into vehicle routes
(Bertazzi et al., 2008; Coelho et al., 2012b). In the traditional Vehicle
Routing Problems (VRPs), the supplier aims to satisfy the orders given
by the customers so as to minimize total distribution cost. On the
contrary, in the IRP, orders are determined by the supplier based on
input on customers usage (demand). Moreover, in the IRP, the supplier
aims to manage inventory of customers such that they do not
experience a stock-out, whereas traditional VRPs do not have such a
concern. The presence of the inventory component in the IRP adds a
time dimension to the related routing problem (Bertazzi et al., 2008).
The IRP is thus regarded as a medium-term problem, whereas the VRP
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is a short term one (Moin and Salhi, 2007). Applications of the IRP
arise in a large variety of industries, including the distribution of
liquified natural gas, raw material to the paper industry, food
distribution to supermarket chains, automobile components, perish-
able items, groceries, cement, fuel, blood, and waste organic oil (see
respective references in Coelho and Laporte, 2013; Coelho et al.,
2012b).

In the last two decades, food supply chain management has
evolved due to various reasons such as demand for safe and high
quality food products, increasing health consciousness of consumers,
growth of world population, climate change, limited natural resources
and escalating sustainability awareness. More specific, food logistics
systems have seen the transition from a focus on traditional supply
chain management to food supply chain management, and succes-
sively, to sustainable food supply chain management (Soysal et al.,
2012). This transition has brought new key logistical aims besides the
cost minimization objective: (i) the ability to control product quality in
the supply chain and deliver high quality food products in various
forms to final consumers by incorporating product quality information
in logistics decision making, (ii) the ability to collaborate in the supply
chain network to reduce food waste and (iii) the ability to reduce
environmental and societal impacts of operations (Soysal et al., 2012).
The aforementioned developments have stimulated companies and
researchers to consider multiple Key Performance Indicators (KPIs)
such as cost, food waste and transportation emissions in food logistics
management projects (e.g., Zanoni and Zavanella, 2012; Soysal et al.,
2014).

Some traditional assumptions in the IRP literature restrict
the usage of the proposed models in current food logistics
systems. These assumptions, which can be regarded as doubt-
ful from the practical point of view, are summarized as follows.
First, IRP models often assume that distribution costs between
nodes are known in advance and are constant (e.g., Vidović et
al., 2014; Qin et al., 2014). However, fuel consumption and
therefore cost can change based on vehicle load which is
dependent on the visiting order of the customers (Kara et al.,
2007; Kuo and Wang, 2011). The literature for a number of
VRPs shows that an explicit consideration of fuel consumption
in logistics operations can help us to reduce relevant opera-
tional costs and environmental externalities (e.g., Bektaş and
Laporte, 2011; Franceschetti et al., 2013). Second, a common
assumption of an unlimited product shelf life in the IRP models
is restrictive in that it does not allow for the consideration of
quality decay of products. This is one of the main obstacles for
the application of the basic IRP models in food logistics
management. Third, a widespread tendency is to assume that

customer usages are known in advance in the beginning of the
planning horizon, which is clearly not the case in reality. These
are the main weaknesses of the basic IRP models to be
improved.

From this point of view, our interest in this study is to enhance the
traditional models for the IRP to make them more useful for the
decisionmakers in food logistics management. In order to achieve that
improvement, we do not rely on all common assumptions of the basic
IRP models. Therefore, in our problem setting, distribution costs
between nodes are not known in advance and can change according
to the routing schedule employed, the product is subject to quality
decay because of the perishability nature and customer usage is not
known a priori. Moreover, we estimate fuel consumption and emis-
sions based on a comprehensive emissions model that allows us to
incorporate transportation cost and emissions more accurately and
explicitly. Consequently, we develop a comprehensive chance-
constrained programming model for the multi-period IRP that
accounts for perishability, explicit fuel consumption and demand
uncertainty. The proposed model manages relevant KPIs of total
energy use (emissions), total driving time, total routing cost, total
inventory cost, total waste cost, and total cost, simultaneously. To the
best of our knowledge, such an attempt has not yet been made for
the IRP.

The rest of the paper is structured as follows. Section 2 presents
a review of the relevant literature on the IRP and clarifies the
contribution of our work. Section 3 defines the problem and
presents the optimization model. Section 4 presents three differ-
ent variations of the proposed model, which are employed to show
the benefits of including perishability and explicit fuel consump-
tion considerations in the model. Section 5 presents a simulation
for the problem to evaluate the solutions of the optimization
models. Section 6 presents computational results on a real life
distribution problem. The last section presents conclusions and
future research directions.

2. Related literature review

The traditional IRP without perishability and sustainability con-
cerns has been extensively studied in the literature. The interested
reader is referred to the reviews by Moin and Salhi (2007), Andersson
et al. (2010) and Coelho et al. (2012b) on the topic. Our focus here is on
attempts aimed to incorporate additional KPIs to the IRP. Relatively
few studies on the IRP have bothered to introduce new KPIs to the
proposed models. We can subdivide the related literature into two
groups: (i) studies with perishability considerations and (ii) studies
with environmental or societal considerations.

First, we review the studies on IRP with perishability considera-
tions. Federgruen et al. (1986) study the IRP for a perishable product
with a fixed lifetime during which it can be used and after which it
must be discarded, e.g., human blood, food and medical drugs. They
distinguish two age classes, fresh and old, based on the product
remaining lifetime and discard the product that reaches the maximum
age in inventory. Le et al. (2013) and Al Shamsi et al. (2014) study the
IRP for a perishable product with a fixed lifetime as well. Both studies
restrict the total amount of time that products can be stored in
facilities and do not allow product wastes. Coelho and Laporte (2014)
integrate an age tracking approach to the IRP of a perishable product
with a fixed shelf life. The age tracking approach ensures to distinguish
products according to their shelf lives and has also been used in the
literature for other logistics problems such as inventory problems
(Haijema, 2013), and production and distribution problems (Rong
et al., 2011; Van Elzakker et al., 2014). Jia et al. (2014) incorporate
quality time windows (shelf life limit) to the IRP of a perishable
product with the same objective as the age tracking approach:
controlling deteriorating item's quality which has a fixed shelf life.

Fig. 1. A generic representation of the Inventory Routing Problem.
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We note that both Coelho and Laporte (2014) and Jia et al. (2014)
allow product wastes in the IRP. A number of studies on inventory
management deal with products which have limited shelf life as well
(e.g., Minner and Transchel, 2010; Rossi et al., 2010). However, these
studies do not take routing decisions into account. The reviews of
Nahmias (1982), Amorim et al. (2011), Karaesmen et al. (2011) and
Bakker et al. (2012) can be consulted for more information about
research on supply chain management of products that are perishable.

Second, we review the studies on IRP with environmental or
societal considerations. Treitl et al. (2012) and Al Shamsi et al. (2014)
incorporate emissions to the IRP through estimating fuel consumption.
Both studies employ the same approach as in Bektaş and Laporte
(2011) for estimating fuel consumption and emissions that is based on
the comprehensive emissions model of Barth et al. (2005) and Barth
and Boriboonsomsin (2009). Al-e hashem and Rekik (2013) and
Alkawaleet et al. (2014) incorporate emissions to the IRP as well.
However, both studies employ a distance-based emission calculation
approach, i.e., emissions produced by vehicle type per unit distance,
that does not consider the other factors such as vehicle load and
vehicle speed. There exist other studies on a similar problem class,
VRPs, with an explicit consideration of environmental issues, such as
fuel consumption or emissions (e.g., Bektaş and Laporte, 2011;
Franceschetti et al., 2013). Note that these studies have interest in
routing schedules and do not consider inventory decisions. The
interested reader is referred to the reviews by Demir et al. (2014)
and Lin et al. (2014) on this topic.

Our brief review shows that none of the above-mentioned studies
presented in Table 1, except (Al Shamsi et al., 2014), have addressed an
IRP with both perishability and sustainability concerns simultaneously.
The study of Al Shamsi et al. (2014), however, does not take potential
product wastes and demand uncertainty into account. Note that
product wastes can be inevitable when the demand is not known in
advance. The other given studies, except Federgruen et al. (1986) that
take demand uncertainty into account, rely on a completely determi-
nistic environment as well. This diminishes the chance to obtain
robust solutions for real-world problems where the actual demand is
not known in advance, which is often the case in practice. Some of the
studies (e.g., Bertazzi et al., 2013; Hemmelmayr et al., 2010; Huang and
Lin, 2010; Yu et al., 2012) consider demand uncertainty on IRP,
however these studies stick to traditional approaches that focus only
on a single KPI: cost.

A convenient way to capture the risk associated with uncertain
demand is to use a chance-constrained programming approach.
Therefore, we formulate the IRP as a chance-constrained program-
ming model. It is first introduced by Charnes and Cooper (1959) and
further studied by many authors during the last years, such as Yu et al.
(2012) and Rahim et al. (2014) on IRP, and Hendrix et al. (2012), Rossi
et al. (2008) and Pauls-Worm et al. (2014) on inventory problems.

To conclude, our study adds to the literature on IRP by (1) devel-
oping a comprehensive chance-constrained programming model with
demand uncertainty for a multi-period generic IRP that accounts for
the KPIs of total energy use (emissions), total driving time, total
routing cost, total inventory cost, total waste cost, and total cost,
(2) presenting the applicability of the model on the fresh tomato
distribution operations of a supermarket chain operating in Turkey
based on mostly real data.

3. Problem description

The problem in this study is defined on a complete graph
G¼ fV ;Ag, where V ¼ f0;…; jV j g is the set of nodes and
A¼ fði; jÞ : i; jAV ; ia jg is the set of arcs. Node 0 represents the vendor
and the remaining nodes V 0 ¼ V n f0g represent customers. The set of
vehicles is given as K ¼ f1;2…; jK j g, each with capacity c and located
at the vendor. Freight is delivered to customers from the vendor
through these vehicles that start and end at the vendor's location.
Each vehicle can perform at most one route per time period. Each
customer can be served by more than one vehicle, hence the total
freight assigned to each customer can be split into two or more
vehicles. It is assumed that the demand di;t in each period tAT ¼
f1;…; jT j g is distributed normally with mean μi;t and standard
deviation σi;t , 8 iAV 0; tAT . For each customer, an inventory holding
cost hi, 8 iAV 0 occurs at each period. However, the product has a fixed
shelf life of mZ2 periods. Therefore, if a product stays in inventory
more than m periods, it becomes spoiled and cost of waste p occurs.
The demand of all customers in each period must be satisfied with a
probability of at least α. The demand that cannot be fulfilled in one
period is backlogged in the next period.

The aim of the problem in this study is to determine the routes and
quantity of shipments in each period such that the total cost
comprising routing, inventory and waste costs is minimized. Routing
cost consists of driver and fuel consumption cost for each arc in the
network. Let r denote the wage for the drivers and l denote the fuel
price per liter. The driver of each vehicle is paid from the beginning of
the time horizon until the time he returns to the starting point. Fuel
consumption is mainly dependent on traveled distance, vehicle load
and vehicle speed. The following section presents the fuel consump-
tion calculation in greater detail.

3.1. Fuel consumption and emissions

We employ the same approach as in Bektaş and Laporte (2011),
Demir et al. (2012) and Franceschetti et al. (2013) for estimating fuel
consumption that is based on the comprehensive emissions model of
Barth et al. (2005). According to this model, the total amount of fuel
used, EC (l), for traversing a distance a (m) at constant speed f (m/s)
with load F (kg) is calculated as follows:

EC¼ λ yða=f Þþγβaf 2þγsðμþFÞa
� �

where λ¼ ξ=ðκψÞ, y¼ keNeVe, γ ¼ 1=ð1000εϖÞ, β¼ 0:5CdAeρ, and
s¼ g sinϕþgCr cos ϕ. Furthermore, ke is the engine friction factor
(kJ/rev/l), Ne is the engine speed (rev/s), Ve is the engine displacement
(l), μ is the vehicle curb weight (kg), g is the gravitational constant
(9.81 m/s2), ϕ is the road angle, Cd and Cr are the coefficient of
aerodynamic drag and rolling resistance respectively, Ae is the frontal

Table 1
Studies on IRPs that have perishability or fuel consumption (emissions)
considerations.

Studies Perishability Fuel or emissions
considerations

Demand
uncertainty

Shelf
life

Waste Traveled
distance

Vehicle
load

Vehicle
speed

Federgruen et al.
(1986)

✓ ✓ – – – ✓

Treitl et al. (2012) – – ✓ ✓ ✓ –

Al-e hashem and
Rekik (2013)

– – ✓ – – –

Le et al. (2013) ✓ – – – – –

Alkawaleet et al.
(2014)

– – ✓ – – –

Al Shamsi et al.
(2014)

✓ – ✓ ✓ ✓ –

Coelho and Laporte
(2014)

✓ ✓ – – – –

Jia et al. (2014) ✓ ✓ – – – –

This study ✓ ✓ ✓ ✓ ✓ ✓
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surface area (m2), ρ is the air density (kg/m3), ε is the vehicle drive
train efficiency andϖ is an efficiency parameter for diesel engines, ξ is
the fuel-to-air mass ratio, κ is the heating value of a typical diesel fuel
(kJ/g), ψ is a conversion factor from grams to liters from (g/s) to (l/s).
For further details on these parameters, the reader is referred to Demir
et al. (2011). After estimating fuel consumption amounts, we estimate
related emission (CO2) levels by using a fuel conversion factor u (kg/l)
for transport activities.

3.2. Chance-constrained programming model with demand
uncertainty

This section presents a mathematical formulation for the studied
problem. Table 2 presents the notation for the model.

We now present the formulation, starting with the objective
function:

Minimize
X
iAV 0

X
tAT

Iþi;t hi ð1:iÞ

þ
X
iAV 0

X
tA fT jtZmg

E½Wi;t �p ð1:iiÞ

þ
X

ði;jÞAA

X
kAK

X
tAT

λ yðaij=f ÞXi;j;k;tþγβaijf
2Xi;j;k;tþγsðμXi;j;k;tþFi;j;k;tÞaij

� �
l

ð1:iiiÞ

þ
X

ði;jÞAA

X
kAK

X
tAT

ðaij=f ÞXi;j;k;tr: ð1:ivÞ

The objective function (1) comprises four parts: (1.i) expected
inventory cost (note that Iþi;t is derived from E½Ii;t � through
constraints (3)), (1.ii) expected waste cost, (1.iii) fuel cost from
transportation operations and (1.iv) driver cost.

E½Ii;t � ¼
Xt
s ¼ 1

X
kAK

Qi;k;s�
Xt
s ¼ 1

ðE½di;s�þE½Wi;s�Þ; 8 iAV 0; tAT ð2Þ

Iþi;t ZE½Ii;t �; 8 iAV 0; tAT ð3Þ

E½Wi;t �ZE½Ii;t�mþ1��
Xt

a ¼ t�mþ2

E½di;a��
Xt�1

a ¼ t�mþ2

E½Wi;a�;

8 iAV 0; tAfT jtZmg ð4Þ

E½Wi;t � ¼ 0; 8 iAV 0; tAfT jtomg ð5Þ

Pr Ii;tZ0
� �

Zα; 8 iAV 0; tAT : ð6Þ
Constraints (2)–(6) relate to the inventory decisions. In particular,

constraints (2) calculate expected inventory levels for each customer
per period by taking the amounts of total product delivered, expected
demand and expected waste into account. Hereby, we assume
Ii;0 ¼ 0; 8 iAV 0. Constraints (3) define variables which are used for
the calculation of inventory costs in the objective function. Constraints
(4) and (5) calculate expected waste at each customer per period.
Constraints (6) are the service-level constraints on the probability of a
stock-out at the end of each period.X
iAV ;ia j

Xi;j;k;t ¼
X

iAV ;ia j

Xj;i;k;t ; 8 jAV 0; kAK; tAT ð7Þ

X
jAV ;ia j

Xi;j;k;tr1; 8 iAV ; kAK ; tAT ð8Þ

X
jAV ;ia j

Fi;j;k;t ¼
X

jAV ;ia j

Fj;i;k;t�Qi;k;t ; 8 iAV 0; kAK ; tAT ð9Þ

Fi;j;k;trcXi;j;k;t ; 8ði; jÞAA; kAK ; tAT : ð10Þ
Constraints (7)–(10) relate to the routing decisions. In particular,

constraints (7) ensure flow conservation for each vehicle at each node
in each period. Constraints (8) ensure that each vehicle can perform at
most one route per time period. Constraints (9) and (10) model the
flow on each arc and ensure that vehicle capacities are respected in
each period. Constraints (9) provide also the benefit of eliminating
subtours that do not include the vendor, since the load on each vehicle
is monotonically decreasing as customers are visited (Bard and
Nananukul, 2009; Treitl et al., 2012).

Xi;j;k;tAf0;1g; 8ði; jÞAA; kAK ; tAT ð11Þ

Fi;j;k;tZ0; 8ði; jÞAA; kAK; tAT ð12Þ

�1o Ii;toþ1; 8 iAV 0; tAT ð13Þ

Iþi;t ;Wi;tZ0; 8 iAV 0; tAT ð14Þ

Qi;k;tZ0; 8 iAV 0; kAK; tAT : ð15Þ
Constraints (11)–(15) represent the restrictions imposed on the

decision variables.

3.3. Deterministic approximation of the chance-constrained
programming model with demand uncertainty

Solving the above chance constrained model is complicated as
the product has a fixed expiration date. In line with Pauls-Worm
et al. (2014), we therefore consider a deterministic approximation.
The deterministic constraints for the stochastic chance constraints
(6) are rewritten as follows.

Table 2
Parameters and decision variables.

Symbol Meaning

E½�� Expectation operator
V Set of all nodes including the vendor 0, V ¼ f0;1;2…; jV j g
V 0 Set of customers, V 0 ¼ V n f0g
A Set of all arcs, A¼ fði; jÞ : i; jAV ; ia jg
T Set of time periods, T ¼ f1;2…; jT j g
K Set of vehicle, K ¼ f1;2…; jK j g
m Fixed maximum shelf life, mZ2,in periods
di;t Demand of customer iAV 0 in time period tAT ,normal random

variable with mean μi;t ,standard deviation σi;t ,kg
α Pre-defined satisfaction level of probabilistic inventory constraint
c Capacity of a vehicle,kg
ai;j Distance between node i and j, ði; jÞAA,m
f Vehicle speed,m/s
λ Technical parameter, ξ=κψ ,see Section 3.1
y Technical parameter, keNeVe ,see Section 3.1
γ Technical parameter, 1=ð1000εϖÞ, see Section 3.1
β Technical parameter, 0:5CdAeρ, see Section 3.1
s Technical parameter, g sin ϕþgCr cos ϕ, see Section 3.1
μ Curb-weight of vehicle, kg
l Fuel price per liter, €/l
p Penalty cost for the wasted product, €/kg
r Wage rate for the drivers of the vehicles, €/s
hi Holding cost per period at customer iAV 0 , €/kg

Ii;t The amount of inventory at customer iAV 0 at the end of period
tAT [ f0g, in kg, where Ii;0 ¼ 0; 8 iAV 0

Iþi;t Derived decision variable to calculate positive inventory levels, kg

Qi;k;t The amount of product delivered by vehicle kAK to customer iAV 0

in the beginning of period tAT , kg
Xi;j;k;t Binary variable equal to 1 if vehicle kAK goes from iAV to jAV in

period tAT , and 0 otherwise
Fi;j;k;t The load on vehicle kAK which goes from iAV to jAV in period

tAT , kg
Wi;t The amount of waste at customer iAV 0 at the end of period tAT ,

kg
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Constraints (6) ensure the inventory level at the end of every
period to be nonnegative with a probability of service level α.
Therefore, starting inventory level of every period should be
higher than the demand of that period, with a probability higher
than the service level. These constraints now can be rewritten as

Pr Ii;t�1þ
X
kAK

Qi;k;tZdi;t

 !
Zα; 8 iAV 0; tAT : ð16Þ

Applying constraints (2) to constraints (16), we have

Pr
Xt�1

s ¼ 1

X
kAK

Qi;k;s�
Xt�1

s ¼ 1

ðdi;sþE½Wi;s�Þ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
Ii;t � 1

þ
X
kAK

Qi;k;tZdi;t

0
BBBB@

1
CCCCAZα;

8 iAV 0; tAT : ð17Þ
Rearranging the constraints (17) yields

Pr
Xt
s ¼ 1

X
kAK

Qi;k;s�
Xt�1

s ¼ 1

E½Wi;s�Z
Xt
s ¼ 1

di;s

 !
Zα; 8 iAV 0; tAT : ð18Þ

If Gdi;1 þdi;2 þ⋯þdi;t ðyÞ is the cumulative distribution function of
DiðtÞ ¼ di;1þdi;2þ⋯þdi;t , thenXt
s ¼ 1

X
kAK

Qi;k;s�
Xt�1

s ¼ 1

E½Wi;s�ZG�1
DiðtÞðαÞ; 8 iAV 0; tAT : ð19Þ

DiðtÞ ¼
Pt

s ¼ 1 di;s; 8 iAV 0 will be normally distributed if the fdi;sg,
8 iAV 0; sAT with mean μi;s and standard deviation σi;s are each
normally distributed, and pairwise uncorrelated (Bookbinder and
Tan, 1988). Therefore,

G�1
DiðtÞðαÞ ¼

Xt
s ¼ 1

μi;sþ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXt
s ¼ 1

ðμi;sÞ2
 !vuut CZα; 8 iAV 0; tAT : ð20Þ

where C is the coefficient of variation which is assumed to be
constant and Zα is a standard normal random variate with
cumulative probability of α. Therefore,

Xt
s ¼ 1

X
kAK

Qi;k;s�
Xt�1

s ¼ 1

E½Wi;s�Z
Xt
s ¼ 1

μi;sþ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXt
s ¼ 1

ðμi;sÞ2
 !vuut CZα;

8 iAV 0; tAT : ð21Þ
As a result, the model is simplified through transforming the

stochastic terms by replacing constraints (6) with constraints (21).
Then, the resulting deterministic linear formulation, which is the
approximation of the chance-constrained programming model
with demand uncertainty, is (1)–(5), (7)–(15) and (21). This
integrated model that takes perishability, explicit fuel consump-
tion and demand uncertainty into account is denoted by MPF.

4. Variations of the integrated model MPF

In this section, we derive from model MPF, three models (M, MF

and MP) to present the benefits of including perishability and
explicit fuel consumption considerations in the model. Table 3
presents the considered aspects in the model variations.

Model M does not take perishability into account. Fuel con-
sumption is calculated based on only traveled distance in M,
therefore it does not have explicit fuel consumption concern as
well. Model MF also disregards perishability. However, it calculates
fuel consumption explicitly through taking traveled distance,
vehicle load, vehicle speed and vehicle characteristics into
account. Model MP has perishability concern. However, it con-
siders only traveled distance while calculating fuel consumption,
and therefore does not have explicit fuel consumption concern.
The integrated model, MPF, presented in the previous section has

both perishability and explicit fuel consumption concerns. Lastly,
note that all models take demand uncertainty into account. The
following subsections present models M, MF and MP.

4.1. Model without perishability and without explicit fuel
consumption concerns (M)

We adapt MPF by making some changes so that the new model,
M, ignores perishability and explicit fuel consumption, as shown in
Table 3. Initially, the fuel cost component (1.iii) in the objective
function (1) is replaced with the following fuel cost calculation
equation based on only traveled distance:X
ði;jÞAA

X
kAK

X
tAT

ðaij=1000ÞXi;j;k;tbl: ð22Þ

where a newly introduced parameter, b, refers to fuel consumption
per km. The other components (1.i, 1.ii and 1.iv) in the objective
function (1) are not changed. Afterwards, the maximum shelf life
parameter, m, needs to be set a number which is larger than the
length of the planning horizon jT j . Model M thus determines an IRP
plan as if the products are non-perishable. In reality the product is
perishable with a maximum shelf life of say m0om. To evaluate
within the MILP what the resulting inventory and waste costs would
be if the plan for non-perishables is applied to a perishable product
with a shelf life of m0 periods, constraints (23)–(30) are added to the
formulation. These constraints do not influence the solution of M, as
the constraints are not used in the objective function:

E½I0i;t � ¼
Xt
s ¼ 1

X
kAK

Qi;k;s�
Xt
s ¼ 1

ðE½di;s�þE½W 0
i;s�Þ; 8 iAV 0; tAT ð23Þ

E½W 0
i;t � ¼max E½I0i;t�m0 þ1��

Xt
a ¼ t�m0 þ2

E½di;a��
Xt�1

a ¼ t�m0 þ2

E½W 0
i;a�;0

 !
;

8 iAV 0; tAfT jtZm0g ð24Þ

E½W 0
i;t � ¼ 0; 8 iAV 0; tAfT jtom0g ð25Þ

Waste¼
X
iAV 0

X
tA fT jtZm0 g

E½W 0
i;t �p; ð26Þ

Inv¼
X
iAV 0

X
tAT

max I0i;t ;0
� �

hi; ð27Þ

�1o I0i;toþ1; 8 iAV 0; tAT ð28Þ

W 0
i;tZ0; 8 iAV 0; tAT ð29Þ

Waste; InvZ0: ð30Þ
where m0 refers to the maximum shelf life. Furthermore, Waste and
Inv auxiliary variables refer to the total waste and total inventory costs
respectively calculated using the inventory and waste tracking aux-
iliary variables I0i;t andW 0

i;t , 8 iAV 0; tAT . In particular, constraints (23)
calculate expected inventory levels, and constraints (26) and (27)
calculate expected waste at each customer per period. Constraints (26)
and (27) calculate respectively total waste and inventory costs.
Constraints (28)–(30) represent the restrictions imposed on the
decision variables.

Apart from these constraints, to calculate total fuel cost explicitly
for the comparison purposes with the other types, constraints (31)–
(33) are added to the formulation:X
jAV 0

Fj;0;k;tr0; 8kAK; tAT ð31Þ
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Fuel¼
X

ði;jÞAA

X
kAK

X
tAT

λ yðaij=f ÞXi;j;k;tþγβaijf
2Xi;j;k;tþγsðμXi;j;k;tþFi;j;k;tÞaij

� �
l;

ð32Þ

FuelZ0: ð33Þ

where Fuel auxiliary variable refers to total fuel consumption cost
calculated based on the explicit fuel consumption model that con-
siders traveled distance, vehicle load and vehicle speed. In particular,
constraints (31) ensure that vehicles do not carry load which is more
than the total amount delivered to the customers. Note that MPF

penalizes carrying more than enough load through explicit fuel cons-
umption cost component existing in its objective function (1). Con-
straint (32) does not affect solutions and is used to estimate total fuel
consumption cost. Constraint (33) represents the restriction imposed
on the decision variable. As a result, the resulting constraints forM are
(2)–(15), (21) and (23)–(33).

4.2. Model with explicit fuel consumption concern (MF)

We adaptMPF by making some changes so that the newmodel,MF,
ignores perishability, as shown in Table 3. Same as we do for M, first,
the maximum shelf life parameter,m, needs to be set a number which
is larger than the length of the planning horizon jT j to ignore the
possibility of waste during the whole planning horizon. Afterwards,
constraints (23)–(30) are employed to calculate total inventory and
total waste costs for the comparison purposes with the other types.
Then, the resulting constraints for MF are (2)–(15), (21) and (23)–(33).
Note that no changes occur in the objective function (1).

4.3. Model with perishability concern (MP)

We adaptMPF bymaking some changes so that the newmodel,MP,
does not take fuel consumption explicitly into account, as shown in
Table 3. Same as we do for M, first, fuel cost from transportation
operations component (1.iii) in the objective function (1) is replaced
with Eq. (22). The other components (1.i, 1.ii and 1.iv) in the objective
function (1) are not changed. Apart from that, constraints (31)–(33)
are employed to calculate total fuel cost for the comparison purposes
with the other types. Then, the resulting constraints for MP are (2)–
(15), (21) and (31)–(33).

So far in this section, we present optimization models that
differ in terms of considered aspects. In the next section, we
present a simulation model which is used for a performance
evaluation of the model solutions.

5. Performance evaluation by simulation

As it is already mentioned, the optimization models M;MF ;MP

and MPF are the deterministic approximations of the related
stochastic models. Therefore, solutions of the formulations can
be readily obtained with a commercial MILP solver. In this section,
we have proposed a simulation model to evaluate the solutions of
these models in terms of inventory and waste performances, and
to check whether these solutions are feasible.

The simulation model obtains the delivery schedules from the
optimization models and calculates achieved average service level
for each customer per period, and average total inventory and
waste costs according to the realized demand and maximum shelf

Table 3
Considered aspects in the model variations.

Models Perishability Fuel or emissions considerations Demand
uncertainty

Shelf
life

Waste Traveled
distance

Vehicle
load

Vehicle
speed

Vehicle
characteristics

M – – ✓ – – – ✓

MF – – ✓ ✓ ✓ ✓ ✓

MP ✓ ✓ ✓ – – – ✓

MPF ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 4
Setting of vehicle and emission parameters.

Notationa Description Value

ξ Fuel-to-air mass ratio 1
κ Heating value of a typical diesel fuel (kJ/g) 44
ψ Conversion factor (g/l) 737
ke Engine friction factor (kJ/rev/l) 0.2
Ne Engine speed (rev/s) 33
Ve Engine displacement (l) 5
ρ Air density (kg/m3) 1.2041
Ae Frontal surface area (m2) 3.912
μ Curb-weight (kg) 6350
g Gravitational constant (m/s2) 9.81
ϕ Road angle 0
Cd Coefficient of aerodynamic drag 0.7
Cr Coefficient of rolling resistance 0.01
ε Vehicle drive train efficiency 0.4
ϖ Efficiency parameter for diesel engines 0.9
l Fuel price per liter (€) 1.7
r Driver wage (€/s) 0.003

Source: Demir et al. (2012).
a See Section 3.1 for the description of the notation.

Fig. 2. Representation of the logistics network.
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life of the product. Due to the fact that the delivery schedules are
obtained from the optimization models, we do not calculate
emissions, driving time and routing cost amounts by the simula-
tion model to prevent double calculation. The pseudocode of the
simulation model is presented in Algorithm 1.

6. Case study

This section presents an implementation of the proposed
model, MPF, and its above described variations, M;MF and MP, on
the fresh tomato distribution operations of a supermarket chain
operating in Turkey. We first describe the data used, then present
the results.

6.1. Description and data

The underlying transportation network includes one distribu-
tion center (DC) and 11 supermarkets (customers) as presented in
Fig. 2. The DC is responsible for providing fresh tomatoes to the
supermarkets. We note that in some places there exist multiple
supermarkets which are relatively close to each other (e.g., Izmir,
Kusadasi and Didim). In these circumstances, we aggregate custo-
mers and select one supermarket according to size and/or location.
The planning horizon length is four weeks.

We assume that homogeneous vehicles are used for the
deliveries, each with a capacity of 10 tonnes. The parameters

used to calculate the total fuel consumption cost are taken
from Demir et al. (2012) and are given in Table 4. The fuel
consumption per km parameter, b, which is required for M and
MP, is calculated as 0.21 l/km with the fuel consumption
calculation model introduced previously based on the assump-
tion that vehicle is assumed as half-loaded. Note that M and MP

disregard the effect of vehicle load on fuel consumption and
take only traveled distance into account as a parameter while
estimating related fuel consumption amounts. We use 2:63 kg/l
as a fuel conversion factor to estimate CO2 emissions from
transportation operations (Defra, 2007). Distances between
nodes (see Table 7 in the appendix) are calculated using Google
Maps.1 Vehicles travel at a fixed speed of 80 km/h.

Demand means (see Table 11) are generated randomly for pur-
poses of sensitivity analysis as will be shown in the following section.
The coefficient of variation for the demand is assumed to be constant
and equal to 0.1 for all supermarkets in each week. The demand for
each supermarket in each week must be satisfied with a probability of
at least 95%. Holding cost at supermarkets is taken as 10% of the
average marketplace selling price of tomatoes2 in that region of
Turkey, and is equal to 0.06 €/kg week. Shelf life of fresh tomatoes is
nearly two weeks (Aguayo et al., 2004). Therefore, if a fresh tomato

Algorithm 1. Simulation model algorithm.

Data Delivery schedule from the optimization model, Qi;k;t in kg, 8 iAV 0; kAK ; tAT;
Fixed maximum shelf life parameter, mZ2;
Demand mean μi;t and standard deviation σi;t in kg, 8 iAV 0; tAT;
Penalty cost for the wasted product, p (€/kg) and holding cost per period at customers, h (€/kg);
Result Average total inventory cost, Average total waste cost, Average service level;
Initialization: set all arrays ’0;
for sim¼1 to S (simulation number) do
for i¼ 1 to jV 0 j do
for t ¼ 1 to jT j do
Generate random demand; di;t �Nðμi;t ; σi;tÞ;
Compute inventory� I ðwaste not includedÞ; IBi;t ¼

Pt
s ¼ 1

P
kAKQi;k;s�

Pt
s ¼ 1 di;s;

if tom then
j Set inventory� II ðwaste includedÞ; Ii;t’IBi;t ;

else
Compute waste; Wi;t ¼ Ii;t�mþ1�

Pt
a ¼ t�mþ2 di;a�

Pt�1
a ¼ t�mþ2 maxðWi;a;0Þ;

Compute inventory� II ðwaste includedÞ; Ii;t ¼ IBi;t�
Pt

s ¼ 1 maxðWi;s;0Þ;

6664
if Ii;t40 then
⌊ Keep track of total inventory for computing inventory costs; SIþ ¼ Ii;t ;

if Ii;t�1þ
P

kAKQi;k;todi;t then
⌊ Keep track of # of stock outs for computing achieved average service levels; SAi;tþþ ;

if Wi;t40 then
⌊ Keep track of total waste for computing waste costs; SWþ ¼Wi;t ;

66666666666666666666666666666664

66666666666666666666666666666666664

66666666666666666666666666666666666664
Compute achieved average service level for customer i in period t, AASi;t ¼ ðSAi;t=SÞ;
Compute average total inventory cost, TI¼ ðSI=SÞh;
Compute average total waste cost, TW¼ ðSW=SÞp.

1 http://maps.google.nl/, Online accessed: February 2014.
2 http://halfiyatlari.org/izmir.html, Online accessed: February 2014.
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stays in inventory more than two weeks, it becomes spoiled and cost
of waste occurs. The cost of waste is estimated as 0.6 €/kg based on
the average marketplace selling price of tomatoes. The aim of the
problem is to determine the routes and quantity of shipments in each
week such that the total cost is minimized.

6.2. Analysis and discussion

The ILOG-OPL development studio and CPLEX 12.6 optimiza-
tion package has been used to develop and solve the presented
formulations for the case study. The resulting integrated model,
MPF, has 1321 continuous and 1056 binary variables, and 1548
constraints. Optimal solutions were obtained on a computer of
Pentium(R) i5 2.4 GHz CPU with 3 GB memory. Our experimenta-
tion shows that it takes on average nearly one and half hour to get
optimal solutions. The simulation model is implemented in Visual
Cþþ programming language. The simulation number (S) is set to
1,000,000.

We focus on six KPIs: (i) total emissions, (ii) total driving time,
(iii) total routing cost comprised of fuel and wage cost, (iv) total
inventory cost, (v) total waste cost, and (vi) total cost. Optimiza-
tion models M;MF ;MP and MPF are assessed with respect to
these KPIs.

6.2.1. Base case solution
Table 5 presents performance of the models with respect to all

KPIs. According to the results, M and MF, which neglect perish-
ability, provide relatively lower total emissions, driving time and
routing cost than MP and MPF. As it is shown in Table 7, M and MF

solutions propose different routes for the deliveries, i.e., resulting
routes for the first period are different. However, total quantity of
shipments to each supermarket in each period is the same that
leads to the same inventory, waste and service level performances
for the two models (see Table 6). In our problem, the demand for
each customer in each week has to be satisfied with a probability
of at least 95%. The achieved average service levels obtained from
the simulation analysis show that M and MF cannot always meet
the desired service level, i.e., service level falls below 95% for
supermarkets 1, 3, 9 and 10 in the last period (see Table 6).
Therefore, optimal solutions obtained from M and MF do not
guarantee feasible solutions for our problem. These two models
perform poor in terms of service level as they plan delivery
amounts as if there is no chance of product wastes at customers.
In the simulation analysis, waste occurrences nevertheless cause

to encounter such cases where inventory falls below zero. Both
optimization and simulation results presented in Table 5 confirm
as well that the perishability ignorance in M and MF leads to poor
waste cost performance compared to the other two models, MP

and MPF, which consider perishability of products. For instance,
according to the simulation results, this ignorance causes more
than five-fold increase in waste cost. To conclude, M and MF

outperform MP and MPF in some KPIs, however, the simulation
analysis shows that M and MF fail to generate a feasible plan for
our problem.

Table 7 shows that MP and MPF solutions propose different
routes for the deliveries. However, except for two supermarkets,
8 and 9, total quantity of shipments to the supermarkets in each
period is the same, as shown in Table 6. MP and MPF meet the
service level targets for all supermarkets in each period, since both
of them account for product waste. These two models’ solutions
still cannot completely avoid waste occurrences due to the service
level constraints. The service level constraints require to keep a
certain amount of inventory at customers in all periods according
to the demand means and coefficient of variation to satisfy the
desired service level targets. In some circumstances, such as at
supermarket 4 in period four, the desired service level require-
ment causes product wastes as a result of too much inventory. In
particular, the vendor, who is responsible for the inventories at
customers in our problem, bears waste risk to satisfy demand with
a probability of at least 95%. It is a crucial task to balance product
waste and out-of-stock in practice as well.

Vehicle load is dependent on the visiting order of the custo-
mers. We track the average vehicle load (kg/km) to investigate the
effect of vehicle load size on the defined KPIs. MF and MPF take
explicit fuel consumption concern into account and therefore
account for vehicle load in addition to traveled distance while
estimating fuel consumption amounts. According to the results
presented in Table 5, M and MF solutions propose to use seven
vehicles for deliveries. Although MF has worse total driving time or
distance performance, it performs better than M in terms of total
emissions due to the fact that MF has less average vehicle load (see
Table 5). MP and MPF solutions propose to use eight vehicles for
deliveries. Similarly, less total driving time of MP cannot guarantee
less total emissions compared to MPF due to the fact that MP has
higher average vehicle load. Explicit fuel consumption considera-
tion in MF and MPF affects not only total emissions, but also the
other KPIs, and routing and delivery decisions as shown in
Tables 5–7. In summary, results show that vehicle load affects fuel
consumption and emissions and therefore it needs to be consid-
ered while making decisions in logistics. The effect of vehicle load

Table 5
Summary results for base case.

Results for KPIs M MF MP MPF

Average vehicle load (kg/km) 3506.0 3222.1 3493.3 2618.6
# of vehicles used 7 7 8 8
Total emissions (kg) 1449.0 1436.5 1898.4 1862.5
Total driving time (h) 35.6 35.8 46.7 47.6

Optimization Total fuel cost (€) 936.6 928.6 1227.1 1203.9
Total wage cost (€) 385.0 386.7 504.0 514.5
Total routing cost (€) 1321.6 1315.3 1731.1 1718.4
Total inventory cost (€) 904.9 904.9 805.2 792.9
Total waste cost (€) 1208.8 1208.8 61.4 61.4
Total cost (€) 3435.3 3429.0 2597.6 2572.7

Average total inventory cost (€) 895.8 895.8 790.6 774.5
Simulation Average total waste cost (€) 1276.7 1276.7 198.9 198.9

Average total cost (€) 3494.1 3487.8 2720.6 2691.8

Achieved average service levels are presented in Table 6.

M. Soysal et al. / Int. J. Production Economics 164 (2015) 118–133 125



on fuel consumption has also been shown in, e.g., Bektaş and
Laporte (2011) and Demir et al. (2012), and our results confirm
that the previous findings also hold in our problem.

Both optimization and simulation results reveal that MPF

including perishability and explicit fuel consumption concerns
performs better than the other models in terms of total cost. MF

neglecting perishability concern has slightly better total cost
performance than M neglecting perishability and explicit fuel
consumption concerns. Resulting total cost of the MPF solution is
better than that of M and MF on average 33.4% according to the
optimization results and on average 29.7% according to the
simulation results. Additionally, as it is discussed before, M
and MF do not guarantee feasible solution for our problem. On
one hand, MP solutions meet service levels that show the benefit

of perishability incorporation to the model. On the other hand, it
performs nearly 1.1% worse than MPF in terms of total cost in
both optimization and simulation analysis that shows the cost of
not incorporating explicit fuel consumption to the model. To
conclude, results present the importance of perishability and
explicit fuel consumption issues on the studied problem.

Our analysis on the base case shows the consequences of
perishability and/or explicit fuel consumption ignorance. MPF

takes these two aspects into account simultaneously. The
models M;MF and MP that account for none of the aspects or
only a single aspect provide optimal plans for our problem that
are higher in cost compared to MPF. Moreover, M and MF that
disregard quality decay cannot meet the desired service level.
The managerial implication of these results is that use of the

Table 7
Resulting routes from the models.

Models Routes Weeks

1 2 3 4

M 1st 0–7–6–5–2–3–4–0 0–11–10–9–8–7–6–5–0 0–4–3–2–0 0–11–8–9–6–5–2–0
2nd 0–1–8–9–10–11–0 0–4–2–0 0–1–11–8–7–6–5–0 –

MF 1st 0–11–7–6–5–2–3–4–0 0–11–10–9–8–7–6–5–0 0–4–3–2–0 0–11–8–9–6–5–2–0
2nd 0–1–8–9–10–11–0 0–4–2–0 0–1–11–8–7–6–5–0 –

MP 1st 0–7–6–5–2–3–4–0 0–1–11–10–9–8–7–6–5–0 0–4–3–2–0 0–4–3–2–0
2nd 0–1–8–9–10–11–0 0–4–3–2–0 0–1–11–10–9–8–7–6–5–0 0–1–11–10–9–8–7–6–5–0

MPF
a 1st 0–11–7–6–5–2–3–4–0 0–11–10–9–6–5–7–8–1–0 0–4–3–2–0 0–1–8–9–10–0

2nd 0–1–8–9–10–11–0 0–4–3–2–0 0–1–11–10–9–8–7–6–5–0 0–11–7–6–5–2–3–4–0

a Resulting routes from MPF are also visualised in Fig. 3.

Table 6
Delivery, inventory, waste quantities and achieved average service levels for supermarkets during the whole planning horizon.

Models Cust. # Delivery (kg) Inventory (kg) Waste (kg) Achieved Service (%)
Weeks Weeks Weeks Weeks

1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 4

M&MF 1 1462 – 1689 – 562 – 689 – – 162 – 89 100.0 95.0 100.0 77.1
2 1630 1273 1817 1237 230 303 421 457 – – – – 95.0 95.0 95.3 95.0
3 1116 – 1990 – 616 – 740 – – 116 – 140 100.0 95.0 100.0 84.1
4 1281 2768 912 – 181 449 861 – – – – 461 95.0 95.0 99.9 95.0
5 1223 955 1608 1146 173 227 336 381 – – – – 95.0 95.0 95.0 95.0
6 1397 516 410 1497 197 214 224 321 – – – – 94.9 94.9 94.9 94.9
7 932 743 1035 – 132 175 710 – – – – 210 95.0 95.0 100.0 95.0
8 2213 407 304 1364 313 319 304 368 – 19 – 95.0 95.0 95.0 94.9
9 932 1155 – 1397 132 887 – 97 – – 187 – 95.0 100.0 95.0 76.6

10 1281 2449 – – 181 1030 – –300 – – 630 – 95.0 100.0 99.9 0.0
11 3028 3451 2615 3359 428 678 793 952 – – – – 95.0 95.0 95.0 95.0

MP&M-

PF

1 1048 414 1069 620 148 162 231 251 – – – – 95.0 95.0 95.0 95.0

2 1630 1273 1809 1245 230 303 413 457 – – – – 95.0 95.0 95.0 95.0
3 582 534 1370 620 82 116 236 256 – – – – 94.9 95.0 95.0 95.0
4 1281 2768 507 405 181 449 457 405 – – – 57 95.0 95.0 95.0 95.0
5 1223 955 1608 1146 173 228 336 381 – – – – 95.0 95.0 95.0 95.0
6 1397 516 410 1497 197 214 224 321 – – – – 94.9 94.9 94.9 94.9
7 932 743 518 517 132 175 193 210 – – – – 95.0 95.0 95.0 95.0

10 1281 1738 407 304 181 319 326 304 – – – 26 95.0 95.0 95.0 95.0
11 3028 3451 2615 3359 428 678 793 952 – – – – 95.0 95.0 95.0 95.0

MP 8 2213 407 323 1364 313 300 323 388 – 19 – – 95.0 95.0 96.0 95.7
9 932 416 944 1193 132 147 391 284 – – – – 95.0 95.1 100.0 95.1

MPF 8 2213 407 304 1384 313 319 304 388 – – 19 – 95.0 95.0 95.0 95.8
9 932 416 740 1397 132 147 187 284 – – – – 95.0 95.1 95.1 95.1
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Table 8
Results of optimization sensitivity analysis.

Scenarios Models Total emissions (kg) Total driving time (h) Total fuel cost (€) Total wage cost (€) Total routing cost (€) Total inventory cost (€) Total waste cost (€) Total cost (€)

Base case M 1449.0 35.6 936.6 385.0 1321.6 904.9 1208.8 3435.3
MF 1436.5 35.8 928.6 386.7 1315.3 904.9 1208.8 3429.0
MP 1898.4 46.7 1227.1 504.0 1731.1 805.2 61.4 2597.6
MPF 1862.5 47.6 1203.9 514.5 1718.4 792.9 61.4 2572.7

Demand 1a M 1585.7 39.1 1025.0 421.9 1446.9 769.9 915.2 3132.0
MF 1552.5 39.5 1003.5 426.8 1430.3 769.9 915.2 3115.4
MP 1909.5 46.7 1234.3 503.9 1738.2 767.5 107.5 2613.2
MPF 1856.0 47.5 1199.7 513.1 1712.8 767.5 107.5 2587.8

Demand 2a M 1653.7 39.6 1069.0 427.9 1496.8 895.5 495.9 2888.3
MF 1685.1 41.4 1089.2 446.7 1535.9 861.4 495.9 2893.3
MP 1914.6 46.7 1237.6 503.9 1741.5 842.5 0.0 2584.0
MPF 1891.6 46.9 1222.7 506.7 1729.4 842.5 0.0 2571.9

C¼0.05 M 1439.6 35.6 930.5 385.0 1315.5 585.4 688.6 2589.5
MF 1422.0 35.8 919.2 386.2 1305.3 585.4 688.6 2579.3
MP 1886.9 46.7 1219.6 504.0 1723.6 399.5 0.0 2123.1
MPF 1846.9 47.3 1193.8 511.2 1705.0 399.5 0.0 2104.5

C¼0.15 M 1458.3 35.6 942.6 385.0 1327.6 1207.8 1813.2 4348.6
MF 1506.0 37.8 973.5 408.8 1382.2 1179.4 1380.0 3941.6
MP 1942.4 47.0 1255.5 507.5 1763.0 1159.4 392.0 3314.5
MPF 1874.5 47.7 1211.7 515.4 1727.1 1159.4 392.0 3278.5

C¼0.2 M 1487.7 36.1 961.6 389.6 1351.2 1469.8 2546.6 5367.6
MF 1559.7 39.2 1008.2 422.9 1431.1 1447.3 1752.1 4630.5
MP 1950.7 47.0 1260.9 507.6 1768.5 1524.2 739.4 4032.0
MPF 1882.2 48.0 1216.6 518.3 1734.9 1524.2 739.4 3998.4

m¼3 weeks M 1449.0 35.6 936.6 385.0 1321.6 1071.5 197.9 2591.0
MF 1436.5 35.8 928.6 386.7 1315.3 1071.5 197.9 2584.7
MP 1515.2 37.2 979.4 402.0 1381.4 1056.7 0.0 2438.1
MPF 1538.8 39.0 994.7 421.1 1415.8 997.5 15.7 2429.0

m¼4 weeks M 1449.0 35.6 936.6 385.0 1321.6 1091.3 0.0 2412.9
MF 1436.5 35.8 928.6 386.7 1315.3 1091.3 0.0 2406.6
MP 1449.1 35.6 936.7 385.0 1321.6 1091.3 0.0 2413.0
MPF 1436.5 35.8 928.6 386.7 1315.3 1091.3 0.0 2406.6

h¼0.03 €/kg M 1264.4 30.5 817.3 329.4 1146.8 538.9 1899.8 3585.4
MF 1304.6 32.2 843.2 347.6 1190.9 518.1 1533.7 3242.7
MP 1898.3 46.7 1227.0 504.0 1731.0 402.6 61.4 2194.9
MPF 1855.6 47.4 1199.4 511.7 1711.1 402.6 61.4 2175.1

h¼0.09 €/kg M 1746.9 43.2 1129.2 466.6 1595.7 1197.8 410.6 3204.1
MF 1765.7 44.8 1141.3 484.1 1625.4 1181.1 340.8 3147.3
MP 1927.1 47.0 1245.7 507.5 1753.2 1189.4 61.4 3003.9
MPF 1862.4 47.6 1203.9 514.5 1718.3 1189.4 61.4 2969.1

h¼0.12 €/kg M 1850.6 45.7 1196.2 493.4 1689.6 1583.5 243.6 3516.7
MF 1818.4 46.2 1175.4 498.9 1674.3 1583.5 243.6 3501.4
MP 1927.3 47.0 1245.8 507.5 1753.3 1585.8 61.4 3400.4
MPF 1862.4 47.6 1203.9 514.5 1718.3 1585.8 61.4 3365.5
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Table 8 (continued )

Scenarios Models Total emissions (kg) Total driving time (h) Total fuel cost (€) Total wage cost (€) Total routing cost (€) Total inventory cost (€) Total waste cost (€) Total cost (€)

α¼90% M 1444.9 35.6 934.0 385.0 1319.0 766.1 974.6 3059.6
MF 1430.4 35.8 924.6 386.7 1311.3 766.1 974.6 3052.0
MP 1893.2 46.7 1223.7 504.0 1727.7 629.8 0.0 2357.5
MPF 1850.6 47.3 1196.2 511.2 1707.4 629.8 0.0 2337.2

α¼92.5% M 1446.7 35.6 935.1 385.0 1320.1 826.6 1070.4 3217.1
MF 1433.1 35.8 926.3 386.7 1313.1 826.6 1070.4 3210.1
MP 1895.3 46.7 1225.1 504.0 1729.1 707.9 0.0 2437.0
MPF 1858.0 47.6 1201.0 513.9 1714.9 699.5 0.0 2414.4

α¼97.5% M 1452.9 35.6 939.1 385.0 1324.1 1024.3 1440.3 3788.7
MF 1501.3 37.8 970.4 408.8 1379.2 1001.8 1046.8 3427.8
MP 1932.1 47.0 1248.9 507.5 1756.4 933.3 188.0 2877.7
MPF 1868.4 47.6 1207.7 514.5 1722.2 933.3 188.0 2843.4

l¼1.2 €/l M 1560.8 38.6 712.1 416.5 1128.6 868.0 657.8 2654.4
MF 1587.4 40.3 724.3 435.4 1159.7 839.2 573.9 2572.8
MP 1927.1 47.0 879.3 507.5 1386.8 792.9 61.4 2241.1
MPF 1866.4 47.4 851.6 512.2 1363.8 792.9 61.4 2218.1

l¼2.2 €/l M 1449.0 35.6 1212.1 385.0 1597.1 904.9 1208.8 3710.8
MF 1436.6 35.8 1201.7 386.7 1588.4 904.9 1208.8 3702.1
MP 1898.4 46.7 1588.0 504.0 2092.0 805.2 61.4 2958.5
MPF 1862.4 47.6 1557.9 514.5 2072.4 792.9 61.4 2926.6

f¼40 km/h M 1401.6 71.3 906.0 770.0 1675.9 904.9 1208.8 3789.6
MF 1388.9 71.6 897.8 773.4 1671.2 904.9 1208.8 3784.9
MP 1836.2 93.3 1186.9 1007.9 2194.8 805.2 61.4 3061.3
MPF 1803.4 94.9 1165.7 1024.4 2190.1 792.9 61.4 3044.4

f¼120 km/h M 1973.6 23.8 1275.7 256.7 1532.4 904.9 1208.8 3646.0
MF 1963.5 23.9 1269.2 257.8 1527.0 904.9 1208.8 3640.7
MP 2585.0 31.1 1670.9 336.0 2006.9 805.2 61.4 2873.4
MPF 2564.3 31.6 1657.5 341.5 1999.0 792.9 61.4 2853.2

C: Coefficient of variation, m: fixed maximum shelf life, h: holding cost, α: service level.
a Demand mean set is presented in Table 11.
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proposed integrated model, MPF, can provide least cost solu-
tions for the studied problem while satisfying the service level
requirements. In the coming section, we carry out further
analysis to observe the performances of these models under
different scenarios.

6.2.2. Sensitivity analysis
This section presents sensitivity analysis for the models with

respect to changes in the demand means, coefficient of variation,
maximum shelf life, holding cost, service level, fuel price and
vehicle speed. In particular, 17 scenarios have been formulated for
the sensitivity analysis. In each scenario, different model para-
meters (demand means, di;t: Demand 1, 2, coefficient of variations:

C ¼ 0:05;0:15;0:2, fixed shelf lives, weeks,: m¼ 3;4, holding
costs per period, €/kg,: h¼ 0:03;0:09;0:12, service levels, %, :
α¼ 90;92:5;97:5, fuel price,€/l,: l¼ 1:2;2:2 and vehicle speed,
km/h,: f ¼ 40;120) are employed to observe the effects of changes

Fig. 3. Representation of the resulting routes from MPF for each period.

Fig. 4. The performance of M0
PF compared to the MPF for the base case.

Fig. 5. Representation of the modified logistics network.
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in the related parameters on the defined KPIs. Results of the
optimization sensitivity analysis are presented in Table 8.

� Comparison among models in terms of total cost: In all
scenarios, MPF performs better than M in terms of total cost.
Average total cost gap between the two model solutions is 24.3%
according to the optimization results and 21.7% according to the
simulation results. The results do not indicate a systematic total
cost gap change between M and MPF as l or f changes, whereas the
total cost gap between the two model solutions increases as C or α
increases. The C or α increase leads to waste cost increase in both
model solutions. However, the waste cost increase in M solution is
more than that in MPF solution. For instance, the waste cost of M
solution is €689 more than that of MPF solution when C¼0.05,
whereas this cost difference increases to €1807 when C¼0.2.
Similarly, the waste cost of M solution is €975 more than that of
MPF solution when α¼ 90%, whereas this cost difference increases
to €1253 when α¼ 97:5%. The differences in waste cost changes
thus mainly cause extension of the total cost gap between these
two models as C or α increases.

In a similar, but reverse way, the total cost gap between MPF

and M solutions decreases as m or h increases. The reason is that
the waste cost decrease in M solution due to the m or h increase is
more than that in MPF solution. For instance, the waste cost of M
solution is €1147 more than that of MPF solution when m¼2,
whereas this cost difference decreases to €0 when m¼4. Similarly,
the waste cost of M solution is €1838 more than that of MPF

solution when h¼0.03, whereas this cost difference decreases to
€182 when h¼0.12. The differences in waste cost changes thus
mainly cause reduction of the total cost gap between these two
models as m or h increases.

MF and MPF provide the same solutions in scenario m¼4 where
fixed shelf life is equal to the planning horizon length. In this
scenario, these models have thus the same total cost perfor-
mances, whereas MPF has better cost performance than MF in the
rest of the scenarios. Average total cost gap between the two
model solutions is 20.5% according to the optimization results and
18.2% according to the simulation results. The results do not
indicate a systematic total cost gap change between MF and MPF

as C, α, l or f changes. However, similar with the case between M
and MPF, the total cost gap between MF and MPF solutions
decreases as m or h increases. This is mainly due to the fact that
the waste cost decrease in MF solution is more than that in MPF

solution.
In all scenarios, MPF performs better than MP in terms of total

cost. However, the total cost gaps, on average 0.9% according to the
optimization results and 0.8% according to the simulation results,
are relatively smaller than those observed between MPF and M or
MF. The results do not indicate a systematic total cost gap change
between MPF and MP as C, h or f changes. However, the total cost
gap between MPF and MP solutions slightly increases as α or l
increases and the gap slightly decreases as m increases without a
systematic waste cost change as it has been observed in the
previous analysis.

The simulation analysis indicates parallel results with the
optimization results except a case in the scenario m¼3. According

to the optimization results, MPF performs 0.4% better than MP in
terms of total cost, whereas simulation results indicate that total
cost performance of MP is 1.1% better than MPF. This is mainly due
to the difference in waste cost performances. According to the
optimization results, waste cost of MPF solution is €15.7 more than
that of MP solution, whereas the realized difference observed from
the simulation analysis is €55. This waste cost increase causes MPF

to perform worse than MP. Therefore, if only optimization results
are considered, a decision maker may disregard MP solution that
shows better performance in the simulation analysis. This case
reveals the benefit of conducting simulation analysis on the
delivery schedules obtained from the optimization models, which
are the approximations of the stochastic problems.

So far in this subsection relative total cost performances of the
models are presented. We now present the effects of changes in
the C, m, h, α, l and f to the total costs of models as follows: (i) Total
costs of all model solutions increase as C increases. The main
drivers of the increase in total costs are growths in inventory and
waste amounts. (ii) Total costs of all model solutions decrease as m
increases. The main drivers of the decrease in total costs are
reductions in routing and waste costs. (iii) Total costs of MP and
MPF solutions increase as h increases. The main contribution to
these growths comes from increasing inventory costs. However,
the results do not indicate a systematic total cost change for M and
MF as h changes. (iv) Total costs of all model solutions except MF

increase as α increases. The main contribution to these growths
comes from increasing inventory costs. (v) Total costs of all model
solutions increase as l increases. The main contribution to these
growths comes from increasing routing costs. (vi) The results do
not indicate a systematic total cost change for all models as f
changes.

� Comparison among models in terms of other KPIs: In all except
three scenarios (m¼ 3;4 and h¼0.12), M and MF cannot meet the
service level requirements for each customer and period, and thus
do not guarantee feasible solutions for the studied problem. Note
that the resulting waste costs of M and MF solutions in the
scenarios m¼ 3;4 and h¼0.12 are relatively lower than that
obtained in the other scenarios, where these two models do not
provide feasible solutions. This shows that the stock-out risk
increases when the product waste increases. On the contrary, MP

and MPF achieve to satisfy the service targets in all scenarios, since
these two models take perishability and therefore waste into
account.

In all except one scenario (m¼4), M and MF show relatively
better performance with respect to total emissions, total driving
time and total routing cost compared to MP and MPF. However,
note that except the three scenarios (m¼ 3;4 and h¼0.12), M and
MF provide infeasible solutions for the studied problem.

In all except one scenario (m¼3), routing and delivery plans
obtained from MPF provide less emissions compared to that from
MP. We note that MPF does guarantee less total cost but not less
total emissions, since it aims to minimize cost.

� A general overview: The results show that the basic model, M,
which does not account for perishability and explicit fuel con-
sumption, has poor cost performance largely due to the higher

Table 9
Summary results for the large case.

Models Total emissions
(kg)

Total driving time
(h)

Total fuel cost
(€)

Total wage cost
(€)

Total routing cost
(€)

Total inventory cost
(€)

Total waste cost
(€)

Total
cost

Lower bound gap
(%)

M 2380.0 54.0 1538.4 583.0 2121.4 1319.6 574.9 4015.9 1.34
MF 2362.2 57.5 1526.9 620.6 2147.5 1308.8 549.8 4006.2 4.14
MP 2489.1 57.7 1608.9 623.1 2232.0 1348.9 114.3 3695.2 2.58
MPF 2362.8 59.3 1527.3 640.4 2167.7 1327.2 114.3 3609.3 2.48
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waste costs compared to the other models. Moreover, M often
cannot provide feasible solutions for the problem. Extending M
through incorporating explicit fuel consumption has usually
slightly improved the total cost performance, but still cannot
ensure to have feasible solutions. On the contrary, extension of
M through incorporating perishability has significantly improved
the total cost performance in all except one scenario (m¼4),
where perishability is not a crucial issue anymore. Additionally,
the new ability of the model to account for product wastes has
enabled to have feasible solutions for the problem in all scenarios.
Finally, the integrated model, MPF, which is the extended version
of M in terms of perishability and explicit fuel consumption, has
provided the least cost and feasible solutions in all scenarios. The
main managerial implication of the results is that perishability and
explicit consideration of fuel consumption are important aspects
in the IRP and the proposed integrated model,MPF, which accounts
for the both aspects, offers better support to decision makers.

6.2.3. Environmental impact minimization
In our problem, total emissions and total waste are the

environmental condition indicators that reflect the state of the
physical environment affected by the logistics operations. MPF

quantifies the total environmental impact in terms of cost through
fuel and waste cost components in the objective function (1). In
this section, the objective function is adapted so that the model
can provide an optimal solution which has the lowest total
environmental impact cost. In particular, the expected inventory
(1.i) and driver (1.iv) cost components are removed from the
objective function (1), and the formulation is minimized over an
environmental objective function that comprises only expected
waste (1.ii) and fuel (1.iii) costs. This change ensures to obtain the
most environmentally friendly solution in terms of total emissions
and waste. The new variation of MPF that has emphasis only on
reducing fuel and waste costs is denoted as M0

PF . Fig. 4 presents the
performance of M0

PF compared to MPF.
The results show that M0

PF slightly outperforms MPF in terms of
number of vehicles used, total emissions, total driving time, and total
fuel, wage and routing costs. M0

PF solution ensures to have nearly 2%
reductions in total emissions (39:6 kg), total driving time (one hour),
and total fuel (€25.6), wage (€10.6) and routing costs (€36.2) with one
less vehicle in total compared to MPF solution. However, MPF performs
86.2% better in terms of total inventory cost (€683.6) and 25.2% in
terms of total cost (€647.4) compared to M0

PF . Both model solutions
have the same total waste costs. This means that nearly 2% total
emissions reduction through the use of environmental objective
comes at a cost increase of 25.2%. Therefore, additional cost of having
a more environmentally friendly solution is significant for the studied
problem. In summary, MPF provides the least cost solution, however,
there can be still room to reduce the total environmental impact
composed of emissions and waste by means of M0

PF .

6.2.4. Modified larger case study
In order to show the performances of the models in a larger

problem, we have modified the network. In the new modified
setting, nine artificial customers are added (see Fig. 5) and three
vehicles (one more compared to the base case) are employed for
the deliveries. Distances between the nodes and customer
demands are shown in Tables 10 and 12. The resulting integrated
model, MPF, has 5521 continuous and 5040 binary variables, and
6092 constraints for the new relatively large case study.

Table 9 presents the results obtained from the models with a
solver cut-off time of 5 h. The lower bound gap reported in the
table shows the percentage gap from the best-known lower bound
provided by the solver. In contrast to the base case, where optimal
solutions for the integrated model MPF are obtained within nearly

one and half hour, for the larger problem, either optimal solutions
for the models have not been obtained yet or optimality of the
solutions have not been proved yet within five hours. This shows
the increasing complexity of the problem as the case size incr-
eases.

Regarding performances of the models in terms of the defined
KPIs, similar results are obtained with the base case. Results for
the larger case confirm the benefit of taking perishability and
explicit fuel consumption into account as well. According to the
optimization results, integrated model MPF has achieved total cost
savings by 11.3% compared to M, 11% compared to MF and 2.4%
compared to MP. Additionally, simulation results show that M and
MF cannot meet the desired service levels, whereas MP and MPF

satisfy the service levels.

7. Conclusions

In this paper, we have modeled and analyzed the IRP to account for
perishability, explicit fuel consumption and demand uncertainty. To
the best of our knowledge, the model is unique in using a compre-
hensive emission function and in modeling waste and service level
constraints as a result of uncertain demand. The proposed model can
be used to aid food logistics decision-making process in coordinating
inventory and transportation decisions in VMI systems.

We have showed the added value of the proposed model MPF

based on case study data and a broad set of experiments. To present
the benefits of considering perishability and explicit fuel consumption
in the model, the following model variations are employed: (i) M
which ignores the perishability of products and explicit fuel consump-
tion, (ii) MF which ignores the perishability of products and (iii) MP

which ignores explicit fuel consumption. M and MF cannot meet the
desired service levels in all scenarios due to the perishability ignorance
which results in relatively higher product wastes. On the contrary,
accounting for the perishability allows MP and MPF to satisfy the
service levels in all scenarios. MPF outperforms the other variations of
the model in terms of total cost. According to the optimization results,
MPF can achieve average savings in total cost by 24.3% compared toM,
20.5% compared to MF and 0.9% compared to MP. In the experiments,
we have changed the values of the following problem parameters: the
demand means, coefficient of variations, fixed shelf lives, holding costs
service levels, fuel price and vehicle speed. It appears that the added
value of MPF compared to the other model variations in terms of total
cost changes according to the parameter values. For instance, the total
cost gap between M and MPF solutions increases as C or α increases
and decreases as m or h increases. Additionally, the use of more
environmentally friendly objective function (in modelM0

PF ) shows that
2% decrease in total emissions can be obtained in return for a 25.2%
significant total cost increase.

The results support the view that the improvement of the IRP
model through perishability and explicit fuel consumption incor-
poration makes it more useful than a basic model that disregards
both aspects for the decision makers in food logistics manage-
ment. One possible extension of the paper is to develop a heuristic
algorithm for the studied problem, which will enable to handle
instances that are larger in size. The model proposed in this paper
can be used to validate and verify the potential of such heuristic
algorithms. The other possible extension is to consider a generic
logistics network that has many-to-many (multiple suppliers and
customers) distribution structure.

Appendix

In this section, we present the distance and demand data used
for the models.
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