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Abstract. In this paper, a bi-objective model is proposed to study Location-
Routing-Inventory (LRI) problem considering risk pooling and soft time window. The
first objective function aims to minimize the costs of establishing Distribution Centers
(DCs), transportation, ordering, and inventory holding; the second one minimizes the
earliness and lateness of vehicles. Considering the large-scale instances of this
problem is NP-Hard, three meta-heuristic algorithms, such as NSGA-1I, MOPSO, and
Pareto Envelope-based Selection Algorithm (PESA)-1I, are proposed. These
algorithms are compared, and NSGA-II outperforms the other algorithms. Afterward,
the proposed NSGA-II is compared with the exact method. The computational results
show that the exact method only outperforms this algorithm with around 6% gap in the
first objective function on average. Eventually, a sensitivity analysis has been
conducted with respect to the number of DCs and vehicles. This shows that total costs,
and total earliness and lateness increase and decrease in both cases, respectively.
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1. Introduction

In recent decades, competition, efficiency and effectiveness have been drawn the
attention of practitioners due to globalization, increment in the diversity of goods and
complexity of organizations.

Supply risk can affect differently the inventory management policies. SC risk
management has been widely investigated since the concept of uncertainty was
introduced into inventory theory. Uncertainty in SCs could be defined as both demand
and supply uncertainties (Schmitt et al., 2015).

To solve uncertainty demand problem that leads to lost sales and holding SS,
inventory aggregation or risk pooling is suggested which can decrease SS. Gaur and
Ravindran (2006) stated that risk pooling is an efficient approach to decrease the SS,
and consequently, to decrease inventory over the supply chain. Furthermore, they
indicated that risk polling is an efficient approach when holding SS creates a large
portion of supply chain costs.

The optimal allocation of vehicles for distribution decreases the transportation
costs, and earliness and lateness. In such cases, increasing the lateness in delivering
products could even force customers to choose one another products in the market. In
numerous industries, such as food, pharmaceutical, and meat industries, holding goods
more than sufficient will increase the holding costs. Finally, increasing earliness and
lateness of products in such industries will also increase the dissatisfaction of
customers, significantly. Thus, both of Risk pooling problem and Vehicle Routing
Problem with Time Window (VRPTW) are studied, simultaneously.

The rest of this paper is organized as follows. The problem is explained in
Section 3. The mathematical formulation is presented in Section 4. The mentioned
meta-heuristic algorithms are proposed in Section 5. Section 6 presents computational
results, and Section 7 provides a conclusion.

2. Literature Review

Gaur and Ravindran (2006) studied the effect of risk pooling on the supply chain. They
stated that SS would decrease by risk pooling that depends on the correlation of
retailers’ and customers’ demand. Ahmadi-Javid and Azad (2010) proposed a
mathematical model to study LRI problem. They considered that demand of customers
is uncertain and follows the normal distribution. They also assumed that each of
retailers could hold SS. Ahmadi-Javid and Seddighi (2012) investigated the problem of
LRI. They considered multiple cooperating suppliers in a three-echelon distribution
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network. To solve large-scale instances, they proposed a meta-heuristic consisting of
simulated annealing and ant colony algorithms.

Vahdani et al. (2017) proposed an integrated model to study the problem of
Production-Inventory-Routing (PIR). They considered the limited capacity of vehicles
and time window constraints for perishable products. Dehghani and Jabalameli (2017)
investigated LRI problem under uncertainty. To deal with uncertainty, they used
parameters of continuous Markov process. They tried to minimize the costs of
location, distribution, and inventory. Nekooghadirli et al. (2014) proposed a bi-
objective mathematical model for the problem of LRI. They considered this problem
for a multi-period and multi-product system. The first objective function minimizes the
total, costs and the second one minimizes the average delivery time to costumers.

Schmitt et al. (2015) compared the centralization and decentralization of
inventory with each other. They also reviewed different types of possible risks and
disruptions threatening supply chain. Park et al. (2010) studied a three-echelon the
supply chain considering inventory risk pooling and delivery time. Kang and Kim
(2012) studied the problem of inventory control in a supply chain including one
supplier, one DC, several regional depots, and several costumers. They proposed a
mathematical model to minimize the total operational, inventory holding, and
distribution costs. Tavakkoli-Moghaddam et al. (2013) proposed a bi-objective
mathematical model to investigate LRI problem with risk pooling. The first objective
function minimizes the total cost of the system, and the second one minimized the
distribution time of goods.

Kumar and Tiwari (2013) proposed a mathematical model for the LRI problem
with risk pooling. They were looking forward to finding the effect of risk pooling on
the circulating inventory and SS level. Zhang et al. (2016) studied location of facilities
problem considering the disruptions of facilities. When a facility confronts with
disruption, customers’ demand will be satisfied by other working facilities to avoid the
lost sale.

Based on the literature, researchers published many papers for Vehicle
Routing Problem (VRP) when customers’ demand are satisfied within a specific
interval of time (i.e., VRP with time window) (Corne et al., 2001). Considering Zhong
and Cole (2005) and Low et al. (2013), most of the researchers investigated two types
of time windows. In hard time window, customers’ demand is only satisfied within the
predefined interval of time. On the other hand, delivery time can take place even
before or after this predefined interval of time in the soft time window. However, early
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or late delivering of customers’ demand happen before or after that predefined interval
of time faces with a penalty added to the objective function in the soft time window
(Yanet al., 2015).

In this paper, the problem of LRI with risk pooling is considered and a bi-
objective mathematical model is proposed. In contrast to previous investigations, the
main contribution of this paper is threefold:

- Total earliness and lateness are considered as an objective function.

- Fleet is considered to be heterogeneous.

- Three meta-heuristic algorithms have been developed and compared with
each other.

3. Problem statement
To satisfy the demand of customers, two following cases are possible:

- Satisfy customers’ demand by their specific depots
- Satisfy customers’ demand by only a specific depot

In the first case, each depot holds its required SS. This will increase the total
SS held in the supply chain. In the second case, the demand of customers is aggregated
in one depot. This helps to decrease the uncertainty existing in demand, and
consequently, to decrease the SS. Inventory aggregation (also called risk pooling) is an
efficient approach to decrease the SS and to decrease total inventory throughout the
supply chain (Gaur and Ravindran, 2006).

In the case of centralized SS, required SS is determined based on Eppen
(1979), and Chen and Lin (1989)

While in the case of decentralized SS is implemented, required SS is determined
based on Kumar and Tivari, (2012).

Mathematical formulation

To formulate the problem mentioned above, following assumptions are
considered:

- A two-echelon supply chain that includes DCs and customers and the demand
of customers is uncertain and follows normal distribution function, and is
independent.

- Establishing cost of DCs depend on the capacity of them.

- All DCs have specific fixed costs of ordering and inventory holding.
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DCj follows the inventory policy of (Q;, R;). Furthermore, each of DCs can
hold SS; furthermore, fixed order quantity Qis purchased when inventory level
reaches to reorder point R.

Transportation fleet is heterogeneous.

Transportation time between nodes is deterministic.

Considering above-mentioned assumptions, we define the following indices,

parameters, and decision variables for the mathematical formulation.

Indices and sets:

Index of customers ke{12,..,K}
Index of potential DCs je{12,..,]}

Index of vehicle ve{12..V}
Index of DCs’ capacity ne {1,2, ,N]}

Union of customers’ and DCs’ sets (i.e.,K U J)

Parameters:

Number of all customers (i.e.,B = |K|)

Average annual demand of customer k

Variance of annual demand of customer k

Total operational cost and establishing cost of DCj with capacity n
Capacity with level n for DCj

Transportation cost between nodes k and [

Annual delivery capacity of vehiclev

Number of times that each of customers is visited within a year
Annual cost of inventory holding for DCj (per each unit product)
Fixed ordering cost for DCj

Lead time of DCj in year

Fixed cost per shipment from supplier to DC j

Shipment cost from supplier to DCj (per each unit product)
Fixed cost of using vehicle v

Desired percentage of customer orders that should be satisfied
Left a-percentile of standard normal random variable Z

Weight factor associated with transportation cost

Weight factor associated with inventory cost

Service time of customer k

Travel time from node k to node [ by vehicle v
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ex Lower bound of time window for customer k
Uy Upper bound of time window for customer k
H An adequately large number

- Decision variables:

Ry, 1T vehicle v travels from node k to node [ 1; otherwise, 0.
Y; If Customer k is assigned to DCj 1; otherwise, 0.

Ut If DCj is established with capacity n 1; otherwise,

EY Earliness of vehicle v for customer k

Ly Lateness of vehicle v for customer k

my  Arrival time of vehicle v to customer k

M,  Anauxiliary variable to eliminate sub-tours

The proposed model includes two objective functions; these objective
functions are formulated as follows:

Min f; = Y, ZneN]— iUt + .BCI(ZveV Yikem Liem ARy + Lvev X jej Ziem Prijlv) +

Ykek UkY
Zjer | Op; + B === + Ba; T i Yy + Ohy g i) Ser o2y (1)

The first objective function minimizes the fixed costs of establishing DCs,
annual costs of transportation and inventory costs. To be more precise, the first and
second terms minimize the fixed costs of establishing DCs, and annual costs of
transportation, respectively. The third term also minimizes the inventory costs.

Min f, = ¥er Zje](E}; + L) 2)

The second objective function also minimizes the earliness and lateness in
satisfying customers” demand.

The derivative of the first objective function regarding Q; is equal to
Eq. (3). we replace Q; by Eq. (3), in Eq. (4).

« _ [26h;(6pj+Bg)) Tek kiY ji”
Q] _\/ Oh;j (3)

Min f; = ¥, ZneNjfjntn + ﬁQ(ZueVZkeM Yiem AkiRiw + Xvev 2je) Xiem PTijzv) +
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5 je1 [V 28, @p; + B9 S BTy + B Tuer b Vi + Oy (1t B 57|

as Eq. (5) (Ahmadi-Javid and Azad, 2010).

(4)

The continuous relaxation of the first objective function (i.e., Eqg. (1)) is
concave. Therefore, reaching the global optimum solution is not guaranteed using the
existing methods. Since Yj; is a binary variable, we will replace Y, by in in the first
objective function to convexity. Eventually, the first objective function is formulated

Min f; = X, ZneN]— iUt + Ba(Zvev Ziem Liem AR + Zvey Yjej Liem Prijlv) +
Yje [\/29}1;(917; + B9;) Xkex #klﬂ'kz + Ba; Ykex Uk 1G'k2 + 0h;z, /ltj Dkek Uz?’ﬂ'kz] (5)

These objective functions are subjected to the following constraints:

myg+sp+tg—m) < (1 —Ryp)H
EY = ex Ziem Riaw — my,

Ly =mp =1

2vev Ziem Riw =1

e th Xkem Riw < vey

My, — My, + (B X Ryyy)) <B —1
Yiem Rkw — Ziem Ry = 0

Yjej Xkek Ry <1

Yiem Riw + Ziem Ry — Vi <1

ZnEN]' an <1

Ykek Uk Yi < ZneNj b}lUJn

VveV.Vk.le M.k #1

VvkeM.veV
VvkeM.veV

vk eK

Vv eV
Vk.leK.VveV
VkeM.VveV
VveV
Vjie].VkeKVveV
vjie]

vji€]

(6)
()
(8)
©)
(10)
(11)
(12)
(13)
(14)

(15)

(16)
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Yvev m]]] =0 vji€e] 17)
ij; an, Rkl]} € {01} (18)
EY.I%.m% Myy = 0 (19)

Constraint (6) determines the arrival time of vehicles. Constraints (7) and (8)
calculate the earliness and lateness in serving customer, respectively. Constraint (9)
assures that the demand of each customer is satisfied by only one vehicle. Constraint
(10) refers to the limited capacity of vehicles. Constraint (11) eliminates sub-tours. In
the other words, this constraint ensures that each tour consists of merely one DC and
some customers. Constraint (12) ensures that vehicles enter to a node must leave this
node. Constraint (13) ensures that only one DC is included in each tour. Constraint
(14) indicate that customer k is assigned to DCj if there is a tour that starts from this
DC and contains node k. Constraint (15) guarantees that establishing each of DCs is
possible with a specific capacity level. Constraint (16) refers to the limited capacity of
DCs. Constraint (17) assures that tours start at the beginning of planning horizon.
Finally, Constraints (18) and (19) determine binary and positive variables of the
proposed model, respectively.

4. The proposed meta-heuristic algorithms

For solve proposed model, we used NSGA-II, MOSPO and PESA-II. For more details
see (Deb et al. 2000), (Deb et al., 2002) and (Coello et al., 2004).

Solution representation and initial solution

Since a solution to this problem consists of multiple decision variables, we will
illustrate the representation of each decision variable separately for more clarification.

Number of open DCs: If we consider/DCs andn potential capacity levels, a J by
n + 1matrix is randomly generated that contains real numbers between zero and
one. Noted that these numbers are generated based on a uniform distribution
function (this holds in the rest of this paper). The first column determines which
DC is whether open or not. For this purpose, we set the value of the first column
equal to one where the generated random values are greater than or equal to 0.5.
On the other hand, if these values are less than 0.5, we set them equal to zero. If
the value mapped to the first column and rowj is equal to one, we consider that the
DCjis open; otherwise, it is close. Afterward, we will find the rows that their first
column is equal to one (i.e., open DCs). The largest number mapped to each of
these rows (except their first column) is selected and is set equal to one; then, the
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other columns of these rows are set equal to zero. Furthermore, the value of other
rows, where the DC is close, is set equal to zero. Fig. (1) shows an illustrative
example (an example with three potential DCs and three potential capacity levels)
for this section of the solution representation.

Number of capacity levels

o [ oorw [owsafoares] [ 2 [ o | o |

oc (0038707577 01722 001 | st | 0 | © | 0 | o |

o |0.6365 04356 0.7436 05433 (2] o] 2] o]

Figure 1.An illustrative example for number of opened DCs

Assignment of customers to DCs: If we consider /DCs andB customers, a / by B
matrix is randomly generated that contains real numbers between zero and one. If
DCj is not open based on the previous step, we will set all the elements of row j
equal to zero. Then, we have to recognize the largest value for each of columns
(i.e., each of customers), and set it equal to one. Finally, we will set the rest of
values in each of columns equal to zero. Fig. (2) shows an illustrative example (an
example with two potential DCs and four customers) for this section of the
solution representation.

Customers
I

oc [or00a 020 [osssoomes] [+ [ o [ 1 [ o |

002 (07540 06797 01626  0.4903 | =i | © | 0 | 0 | o |

ocs | 0:5267 04567 | 03260 0736 (o[ s o] 1]

Figure 2.An illustrative example for assignment of customers to DCs

Assignment of vehicles to DCs: If we consider JDCs andV vehicles, a J by V
matrix is randomly generated that contains real numbers between zero and one. If
DCj is not open, we will set all the values of row j equal to zero. To assign
vehicles to DCs, we have implemented a two-step procedure as follows. Firstly,
one vehicle is assigned to each DC. To do so, the largest value for each of rows
(i.e., each of DCs) are recognized and set equal to one. Then, the rest of values in
the column of selected value are set equal to zero to ensure that no vehicles have
been assigned to more than one DCs, simultaneously. Secondly, the rest of
vehicles, which are not allocated to DCs, will be assigned. For this purpose, the
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largest number in each of these columns are recognized and allocated to the
corresponding DC. Fig. (3) shows an illustrative example (an example with two
potential DCs and four customers) for this section of the solution representation.

Vehicles First Step Second Step
—

PC110.8147 | 0.1269 | 0.5676

oc2| 69057 | 0.9133 | 0.7653 nuu »‘ 0 ’ 0 ’ 0 ‘
’ ’ n.-

DC31 06433 | 0.3255 | 0.8564

Figure 3.An illustrative example for assignment of vehicles to DCs

Assignment of vehicles to customers: If we consider B customers andV vehicles, a
B by V matrix is randomly generated that contains real numbers between zero and
one. If ay, refers to the element of row k and column v, we assign each of
customers to each of vehicles. First, if customer k is not assigned to DCj, and
furthermore, vehicle v is not assigned to DCj, we will set a;,, equal to zero. Then,
we will find the largest value in each row and set it equal to one; we will set the
rest elements of all rows equal to zero. Fig. (4) shows an illustrative example (an
example with four customers and two vehicles) for this section of the solution
representation.

Vehicles First Step Second Step

0.6323 | 0.9575 | 0.2387 06323| 0 0
g '
0.0975 0.9648 | 0.7432
e e

{ 0 |0.9648 0.7432}

Customerrs

Customerrs

Customerrs

0.2784 | 0.5468 | 0.4378 [0.2784 0 0 }
g g

Figure 4. An illustrative example for assignment of vehicles to customers

The sequence of customers assigned to routes: If we consider B customers, a one
by B matrix is randomly generated that contains real numbers between zero and
one. Then, all elements are sorted in ascending order to determine the sequence of
serving customers. Fig. (5) shows an illustrative example (an example with four
customers) for this section of the solution representation.
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Customers
L

[ 0.8147 I 0.9057 I 0.1269 I 0.9133 ]

Sorting in
ascending order

[ 0.1269 I 0.8147 I 0.9057 I 0.9133 ]

Sequence of
customers
assigned to
routes

e [« J 2 | s ]

Figure 5.An illustrative example for sequence of customers assigned to routes

Crossover and Mutation

Crossover and mutation are two operators that mostly used in meta-heuristic
algorithms to produce high-quality solutions, and increase the solutions’ diversity,
respectively. We refer interested readers toSoni and Kumar (2014) for further detail to
seek for brevity.

Penalty Function

The structures introduced in previous sub-sections cannot guarantee the
feasibility of solution regarding the Constraints (10) and (16). For this purpose, the
average value of these violations is calculated based on Egs. (21) and (23) an added to
the first objective function to form Eq. (24):

VDG = max(L - 1,0) (20)

Mean_VDC = mean(VDC;) (21)
Vy

VV, = max (22— 1,0) (22)

Mean_VV = mean(VV,) (23)

fi = f1* (1 + beta* (Mean_VDC + Mean_VV)) (24)

where VDC; and V'V, refer to the capacity violation occurred for DCj and vehicle v,
respectively. Furthermore, DC; and V, refer to the capacity of DCj and vehicle v,
respectively; TDC and TV refer to the total capacity of DCs and vehicles, respectively.
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It should be noted that beta in Eq. (24) refers to the magnifier of violations value and
is set equal to 1000.

5. Computational results

To generate instances randomly, we have defined an interval for each of parameters
used in the proposed model. For this purpose, the range of parameters is provided in
Table (1).

Table 1. Range of parameters used in the proposed model

Parameter | Range Parameter | Range

U Uniform [400, 1500] a; Uniform [5, 10]

o Uniform [10, 30] 0 0.7

Ay Uniform [0, 300] B 0.3

h; Uniform [5, 10] sy Uniform [1, 48]

Dj Uniform [10, 15] ty Uniform [0.5, 5]
lt; Uniform [6/365, 10/365] | e Uniform [8, 20]

gj Uniform [10, 15] Iy ey + Uniform [1, 6]

It is assumed that a year consists of 300 days and each of vehicles will visit customers
every three days. Thus, g is equal to 100. Since the satisfaction rate of customers’
demand is set equal to 97.5%, therefore, Z,, is equal to 1.96.The capacity of vehicles is
determined based on Eg. (25) in which |V| and D refer to the total number of
vehicles and average demand of customers, respectively.
vc, = uniform|[2 X [n%] ,3 X [n%] (25)

The largest instance that the exact method could solve in rational CPU Time
was an instance with six customers and two DCs. The Pareto solutions found using &-
constraint method is provided in Table (2) for the largest instance solved by the exact
method. For more clarification, Fig. (6) illustrates the last Pareto solution provided in
Table (2).

Table 2. The Pareto solutions obtained with the exact method using e-constraint

4

2232.165

2232.165

2242.61

2264.092

2281.773

2307.075

2322.584

2863.444

2901.013

2916.619

2916.619

2964.688

2985.259

3029.494

Earliness (h

0

0

0

0

0

0

0

0

0

0

10

10

10

10

Lateness (h)

495

a4

306

292

287

280

248

164

142

124

104

102

101

97

Total

495

441

306

292

287

280

248

164

142

124

114

112

111

107
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Legend
Opened DCs S A M: Arrival time
S: Service time
o T: Travel time between nodes
Closed DCs S /SN E: beginning of the time window
PASSIY L: End of the time window
T Ea: Earliness of vehicle v for customer k
La: Lateness of vehicle v for customer k
Customerk:1,2,3,4,5,6
Transportation vehicle v: 1, 2
16
(8, 8, 10) (19, 9, 25) v
a 6 o 2
(92} 5 (%)
Ea=0, La=0 G~ Ea=10, La=0 (15, 27, 18)
6 bYs 1
v [ Ea=0, La=9
19
o Vehicle 1 S=3 /7 Vehicle 2 a;" S—‘j',," 8%,
&= [[@a1 29, 16)
o~
12 47 . L 3
W Ea=0, La=33
i L g =
N
(12, 27, 14) (15, 58, 16)
<t o
a 5 i 4
Ea=0, La=13 Ea=0, La=42

Figure 6. A schema for the largest instances solved with the exact method
Therefore, it is obvious that proposing meta-heuristic algorithm was essential.
5.1.Parameters of the proposed algorithms

In order to compare the quality of non-dominated solutions, four criteria such
as Quality Metric (QM), Mean Ideal Distance (MID), Diversification Metric (DM) and
Spacing Metric (SM) are used. For more details, see Moradi et al. (2011) and
Nekooghadirli et al. (2014).

Taguchi experimental design method has been applied in order to determine the
optimal level of parameters in NSGA-1I, MOPSO and PESA-II algorithms. For this
purpose, the Parameters of these algorithms are designed in three High, Medium and
Low level. Then, the optimal setting for the parameters of these algorithms is
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determined and used in solving large scale instances in order to increase the quality of
solutions.

5.2.Comparison of the proposed algorithms

To compare the proposed algorithms, 30 instances are randomly generated based on
the data provided in Table (1). Then, all of the instances are solved using three
proposed algorithms.

Considering 12t — paired tests (four performance metrics and three
algorithms) the proposed NSGA-II provides better solutions with respect to MID and
DM. Furthermore, the proposed NSGA-II and the proposed PESA-II outperform the
proposed MOPSO in terms QM. But the proposed NSGA-II can not only provide
better solution compared to two other algorithms regarding SM. Therefore, it can be
argued that the proposed NSGA-I11 outperforms two other algorithms.

5.3. Comparison of the proposed NSGA-II and exact method

Since the proposed NSGA-II outperforms other meta-heuristic algorithms, we
compared the computational results of based on NSGA-II algorithm and the exact
method in an instance with six customers, two distributions centers, and two vehicles
in Table (3).

Table 3. Comparison the Pareto solutions provided by the proposed NSGA-II and
&-constraint method

The proposed NSGA-I1I &-constraint method Gap (%)
Cost | Earliness and lateness — Cost — Earliness and lateness —

- Obj2 (hour) Obj1 Obj2 (hour)

Objl [Total Earliness Lateness Total Earliness Lateness | Objl Obj2
2347 | 495 0 495 2232.165 | 495 0O 495 5.14 0.00
2364 | 441 O 441 2232.165 | 441 0 441 591 0.00
2374 1306 O 306 224261 | 306 O 306 5.86 0.00
23931292 O 292 2264.092 | 292 0 292 5.69 0.00
2419 | 287 O 287 2287.773 | 287 0O 287 5.74 0.00
2436 | 280 O 280 2307.075 280 O 280 559 0.00
2454 | 248 0 248 2322584 | 248 0 248 5.66 0.00
3033 (164 O 164 2863.444 | 164 0 164 592 0.00
3066 | 142 0 142 2901.013 (142 0 142 5.69 0.00
3066 | 124 0 124 2916.619 | 124 0 124 5.12 0.00
3083 | 114 10 104 2916.619 | 114 10 104 5.70 0.00
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3131|112 10 102 2964.688 | 112 10 102 5.61 0.00
3152 | 111 10 101 2985.259 | 111 10 101 5.59 0.00
3173|107 10 97 3029.494 | 107 10 97 4.74 0.00

As Table (3) shows, the results provided by the proposed NSGA-II is
comparable with the ones provided by the exact method. To be more precise, the exact
method outperforms the proposed NSGA-II with around 6% gap in only one the
objective functions. It means that the solutions provided by the proposed NSGA-I1I are
reliable.

5.4. Sensitivity analysis

In this subsection, a sensitivity analysis has been conducted to figure out how
increment in the number of vehicles and potential DCs affect the solutions. For this
purpose, we have studied Instance 23for both cases. In the first case, we have
increased the number of DCs from 18 to 28, while other parameters are fixed.
Likewise, we have also increased the number of vehicles from 18 to 29 in the second
case, while other parameters are fixed. To compare Pareto fronts obtained for each of
these cases, one mediocre solution has been selected from each of these Pareto fronts.
Then, they have been compared regarding first and second objective functions. Figs.
(7) and (8) show the results of this sensitivity analysis when the number of DCs and
vehicles have been increased, respectively. As shown in Fig. (7), increment in the
number of DCs increases total costs. Furthermore, it decreases the distance between
DCs and customers, and consequently, decreases total lateness and earliness. Fig. (8)
shows also increment in the number of vehicles increases total costs, while decrease
total earliness and lateness. In other words, increasing availability of wvehicles
decreases total lateness and earliness.

—&— Obj 1 (Costs) +++® -+ Ob2 ( Total Earliness and Lateness)
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Figure 7. Sensitivity analysis for the number of DCs
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Figure 8. Sensitivity analysis for the number of vehicles
6. Conclusion

In this paper, a bi-objective mathematical model was proposed study LRI problem
considering risk pooling and soft time window. The first objective function of the
proposed model aims to minimize costs of establishing DCs, transportation, ordering,
and inventory holding, and the second one minimizes the earliness and lateness of
vehicles. Considering the large-scale instances of this problem is NP-Hard, three meta-
heuristic algorithms, such as NSGA-1I, MOPSO, and PESA-II were proposed in this
paper. To compare these algorithms, four well-known criteria were used. But before
comparing the algorithms, some of theimportant parameters for each of these
algorithms were determined. Then, three levels were determined, and the optimal
combination of these parameters was determined by Taguchi experimental design
method.

For future research, taking into account environmental objectives besides
considering multi-product and multi-period mathematical model would be interesting.
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