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ABSTRACT: We address the problem of designing and planning a multi-period, multi-echelon, multi-
commodity logistics network with deterministic demands. This consists of making strategic and tactical
decisions: opening, closing or expansion of facilities, supplier selection and definition of the product flows. We
use a heuristic approach based on the linear relaxation of the original mixed integer linear problem (MILP).
The main idea is to fix as many binary variables as possible with the linear relaxation coupled with several
rounding procedures for key variables. The number of binary variables in the resulting MILP is small enough
to enable it to be solved with a commercial solver. We compare the computational time and the quality of the
solution obtained by the heuristic and a commercial solver.
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INTRODUCTION

Logistics network design is concerned with strategic and
tactical decisions such as the location of warehouses and
production plants, allocation of warehouses to produc-
tion plants, allocation of customer demand points to
warehouses, selection of suppliers and definition of the
product flows between entities. An optimal configura-
tion must be able to deliver the products to the cus-
tomers at the lowest cost while satisfying the service
level requirements (Cheong Lee Fong (2005)).

From the manager’s point of view, modelling and op-
timising a strategic logistics network is useful for evalua-
ting different scenarios. Mathematical models may be
used as simulation tools with what-if scenarios. Should
we locate the new warehouse at point A instead of point
B? Should we expand the existing plant or build a brand
new one at another location? Mathematical models may
be considered as decision support systems only if they
are able to propose very good solutions within an ac-
ceptable amount of time. Trying to get reduced com-
putational times when solving a strategic and tactical
problem may seem too demanding, but necessary. The
algorithms can be used repeatedly with different confi-
gurations, so that it is important to limit the computa-
tional times and favour the approximation methods.

Another factor supports the use of heuristic ap-
proaches instead of exact methods. When it is impos-
sible to have a precise estimation of the costs involved

in the model, calculating optimal solutions is not neces-
sary. Good robust solutions are often sufficient.

We consider the problem of designing and planning
logistics network over a strategic horizon. This can be
described as a facility location problem, with multiple
facilities, periods and commodities and additional cons-
traints. The mathematical formulation and some pre-
liminary numerical results obtained with a commercial
solver are presented in Thanh et al. (2007). The aims of
the present papers is to propose a new heuristic based
on the LP-rounding rules, which gives very good ap-
proximations of the optimal solutions while keeping the
computational time below a limit of three hours. We
also report solutions obtained with a commercial solver
as a benchmark for evaluating the heuristic.

The paper is organised as follows. In section 1, we re-
call the main concepts of supply chain design and plan-
ning and introduce the optimisation problem. In section
2, we present the linear relaxation-based heuristic. The
computational experiments are reported in section 3.

1 A DYNAMIC MODEL FOR LOGISTICS
NETWORK DESIGN

1.1 A brief review of the literature

The multi-period planning of a supply chain is an NP-
hard problem that has been addressed by many authors
in the recent and abundant literature. There is such
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a large variety of enterprise logistics networks that it
makes no sense to build a completely generic model
that would fit any company. The most recent models
include many additional features, with the idea of re-
flecting some real cases or of focusing on some particu-
lar aspects of the location problems. However, no pub-
lished paper has simultaneously taken into account all
the possible features. Among the most widespread cha-
racteristics in the recent models, we can list:

• supply chain with multiple echelons and multiple
products or families of products,

• dynamic models where the data and variables may
change at every period,

• complex product flow: exchange of products
between plants or warehouses, direct deli-
veries to some customers, reverse logistics,
re-manufacturing, etc.

• variety of constraints: competition or budget cons-
traints, etc.

• complex structure of the costs: fixed and variable
parts, linear or nonlinear costs,

• hybrid strategic/tactical models with inventories:
average, safety or cyclic inventories.

Dias et al. (2006) worked on the re-engineering of a
network composed of facilities and customers. The au-
thors suppose that facilities can be open, closed and
reopen more than once during the planning horizon.
The model is solved by primal-dual heuristics. Melo
et al. (2006) aimed at relocating the network with ex-
pansion/reduction capacity scenarios. Capacity can be
exchanged between an existing facility and a new one,
or between two existing facilities under some conditions.
Vila et al. (2006) proposed a dynamic model in a much
more specialised context. They considered an applica-
tion in the lumber industry, but their model can be ap-
plied to other sectors.

The methods for solving logistics network planning
and design use the classical tools of operations research.
The exact methods include branch-and-bound, Benders
decomposition or the use of a commercial solver (see
Canel et al. (2001), Hamer-Lavoie and Cordeau (2004),
Melo et al. (2006), Martel (2005)).

Most of the metaheuristic approaches are proposed
for basic models like static models for simple network
planning. Filho and Galvão (2001) used tabu search
to solve a concentrator location problem. Syam (2002)
mixed simulated annealing and Lagrangean relaxation
to solve a 3-echelon problem. Other authors have used
genetic algorithms (Gong et al. (1997), Jaramillo et al.
(2002)).

Surprisingly enough, very few heuristic methods are
reported in the specialised literature, although they
seem to be efficient for the most complex problems. The
most common heuristics use some “add” and “drop”
procedures (Saldanha da Gama and Captivo (1998)), or
rely on primal-dual methods (Hinojosa et al. (2000),
Dias et al. (2006)) or Lagrangean relaxation (Pirkul
and Jayaraman (1998)). Heuristic methods based on
neighbourhoods and local improvements are rarely used
because it is often difficult to define efficient neighbour-
hoods in complex models.

LP-rounding heuristics belong to the more general
class of approximation algorithms for combinatorial op-
timisation problems. Extensive information about ap-
proximation heuristics can be found in the monograph
of Vazirani (2001). Despite their poor formal guaran-
tee of performance, LP-rounding heuristics are known to
yield good lower bounds for some assignment or location
problems (see Benders and van Nunen (1982). They
have been applied to the general assignment problem
(see Trick (1992) or French and Wilson (2007)) or lot-
sizing problems (see Hardin et al. (2007)). In the field
of facility location or logistics network planning, linear
relaxation-based heuristics have been used for the sing-
le facility location and more complex models. Among
the recent references, we can cite Levi et al. (2004) for
example. Velásquez et al. (2007) propose a heuristic
based on the same ideas as the present work. Due to
some budget constraints, their heuristic does not always
yield feasible solutions.

1.2 Description of the problem under conside-
ration

The logistics network considered is composed of four
layers, like the one depicted in Figure 1. The first layer
consists of a set of potential suppliers that provide the
company with raw materials. Production steps com-
posed of plants make up the second layer. Product sto-
rage and distribution steps, performed by warehouses,
are the main constituents of the third layer. Finally,
the fourth layer is composed of customers. We adopt a
flexible network structure: products can be transferred
between plants or delivered directly from plants to im-
portant customers.

Figure 1: Example of the general network
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Every product has its own bill of materials. For eve-
ry plant or warehouse, we have classical capacity cons-
traints and add lower and upper limits to the rate of
utilisation (e.g. running a plant at 1% or at 100% of its
capacity is not authorised). We also model the possibi-
lity of increasing the capacity of an existing facility by
building some physical extensions, called capacity op-
tions.

Our purpose is to make strategic decisions over a
multi-period planning horizon. These decisions concern
the selection of suppliers, opening or closing of faci-
lities, capacity planning for open facilities and produc-
tion and distribution management. Production mana-
gement consists of allocating manufactured products to
open plants and of managing subcontracted products
(we suppose that the company can subcontract a part
of its production). Distribution management consists
of allocating finished products and customers to open
or hired warehouses. The allocation of products and
customers is decided by the quantity of transferred pro-
ducts between entities. Our model does not take into
consideration the constraints of single-sourcing in order
to avoid introducing new binary variables and to focus
on the location aspect. Inventory management is also
included as it influences strategic decisions such as ca-
pacity planning even though it is a tactical decision.
However, we suppose that the inventories are held only
in warehouses, not in plants.

For purposes of simplicity, we do not present the ex-
tensive mathematical model in this paper. The inte-
rested reader should refer to Thanh et al. (2007).

The mathematical model handles four types of binary
decision variables that represent:

• The status of each entity, at each period (named
x),

• The status of each capacity option, at each facility
and at each period,

• The supplier selection for each raw material, at each
period,

• The discount according to each supplier, at each
period.

Depending on the context, the same variables x stand
for suppliers, plants and warehouses. A supplier is said
to be active if it delivers at least one raw material and a
plant/warehouse is active if it is open in the correspon-
ding period.

The MILP also includes continuous decision variables
that model the product flows along the network:

• Quantity of transferred products between two enti-
ties in the network, at each period,

• Quantity of sub-contracted products for each plant,
at each period,

• Quantity of manufactured products in each plant,
at each period,

• Quantity of stored products in each warehouse at
the beginning of each period.

The cost structure consists of two parts: fixed costs
and variable costs. All these costs are linear and time-
independent. The objective function is the sum of nine
components: supplier selection fixed costs, opening fa-
cility fixed costs, closing facility fixed costs, capacity
option costs, operating facility fixed costs, production
variable costs, storage variable costs, distribution varia-
ble costs and transportation variable costs.

The set of linear constraints can be divided into four
categories:

• Demand satisfaction constraints: these constraints
ensure that the demands at each level of the net-
work must be satisfied. We notice that for ware-
houses, the seasonal inventory is taken into con-
sideration. The subcontracted products are also
counted for each plant.

• Capacity limitation constraints: these constraints
require that plants and warehouses cannot function
under its minimum rate of utilization and cannot
exceed the maximum rate of utilisation of its ca-
pacity.

• Logical constraints: these constraints ensure the co-
herence of the model. For example, suppliers can
deliver a raw material if and only if they are se-
lected for this raw material; their delivery cannot
exceed their capacity; a plant/warehouse can only
deliver products that it can manufacture/store . . .

• Integrity and non-negativity constraints: these
constraints focus on the nature of variables.

The mathematical formulation is an MILP. Most of
the binary variables are related to the location of faci-
lities. As shown in Thanh et al. (2007), variables x
associated with plants and warehouses play a critical
role in the model. These location variables are the core
of the problem and have a direct influence on a large
part of the cost function.

2 LINEAR RELAXATION AND ROUNDING
HEURISTIC

The principle of the heuristic arises from the well known
fact about facility location problems: the resolution of
the MILP linear relaxation yields good lower bound and
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sets most of the binary variables to 0 or 1 within a short
period of time. Robert et al. (2006) solved a close
strategic supply chain planning problem and observed
that more than 60% of the binary variables were directly
set to 0 or 1 by the linear relaxation.

The main idea of the heuristic is to fix as many bi-
nary variables as possible with the linear relaxation so
that solving the resulting problem with an exact method
becomes easier.

In the formulation, x variables play a key role, espe-
cially those related to the plant and warehouse location.
Hence, the level of fixed variables x makes an important
contribution to the success of the heuristic.

There are three ways for assigning the value 0 or 1 to
a binary variable:

• the value is set by the LP relaxation,

• the value is set by an exact method,

• the value is set by rounding rules.

The heuristic uses these three approaches and aims
to find a trade-off between the optimality gap and the
computational time.

2.1 Description of the heuristic

We can summarise the heuristic by the three following
steps:

• Step 1: Solve the linear relaxation of the original
problem, denoted LP, and fix all decision variables
whose relaxed values have a strong tendency to-
wards 0 or 1 (determined by two thresholds) (sec-
tion 2.2.1). A new LP is then created and solved
at the following iteration. Continue until no more
binary variables can be set to 0 or 1. The resulting
LP may be infeasible. In this case, a correction
procedure is applied (section 2.2.2).

• Step 2: This step aims to increase the number
of fixed binary variables x in order to reach a tar-
get level s. The value of s makes the equilibrium
between the execution time and the solution qua-
lity. If s is large, the step 3 is faster but usually we
obtain a worse solution. For fixing more location
variables, we adopt distinct procedures for ware-
house and plant location. The warehouse varia-
bles are determined by a rounding rule with two
new thresholds. When no new binary variable is
fixed, the largest fractional variable is rounded up
to 1. The plant variables are determined through a
greedy heuristic. These procedures are detailed in
sections 2.2.3 and 2.2.4.

• Step 3: This step consists of solving the resulting
problem with an exact method. If the resulting

problem is infeasible, a correction procedure is then
needed.

2.2 Some key procedures

2.2.1 Fixing binary variables (Step 1 and 2)

We associate every binary variable with a lower bound
(initially set to 0) and an upper bound (initially set to
1). Fixing binary variables is performed by modifying
these bounds (for example setting an upper bound to 0
forces the corresponding variable to equal 0). On the
other hand, we can relax fixed binary variables by set-
ting their bounds back to their initial values.

The strong tendency towards 0 or 1 is detected by
using four thresholds ε0 and ε1 in Step 1, γ0 and γ1

in Step 2. When a relaxed variable is lower than ε0
(γ0), the variable is set to 0. When a relaxed variable is
larger than ε1 (γ1), the variable is set to 1. Decreasing
one variable to 0 may provoke infeasibility, thus it is
recommended to set ε0 (γ0) closer to 0 than ε1 (γ1) to
1.

2.2.2 Correction procedure (Steps 1 and 3)

The correction procedure is divided into two phases. As
a precaution, we reduce ε0 and increase ε1 in order to
avoid getting the same solution in the next iterations
and to decrease the probability of obtaining an infea-
sible solution. As explained previously, decreasing one
variable to 0 may provoke infeasibility, hence ε0 is sub-
mitted to a stronger modification than ε1. We multiply
ε0 by 0.5 while ε1 is multiplied by 0.9.

Then we detect the constraint violation that caused
the infeasibility and relax the corresponding variables.
If the infeasibility is caused by the lack of capacity at
suppliers, all fixed binary variables concerning the se-
lection of suppliers are relaxed. In the same way, if the
cause is the lack of capacity at plants or warehouses,
the corresponding fixed binary variables are relaxed.
Regarding the plant and warehouse variables, we relax
them in two stages: first the capacity option variables
are relaxed and, whenever needed, we relax the loca-
tion variables (variables x). This strategy minimizes
the number of location binary variables relaxed.

From the theoretical point of view, infeasibility may
also be caused by a violated logical constraint but we
have never observed this in practice.

2.2.3 Setting binary variables for warehouse lo-
cation (Step 2)

Reaching the desired level s of fixed location variables
before Step 3 is a key point of the heuristic because it
enables Step 3 to run within a reasonable computational
time. If this level has not been reached after Step 1, it
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is necessary to increase it by fixing a larger number of
variables.

We use two rules for setting binary variables for ware-
house location:

• rounding the variables that have a tendency to-
wards 0 or 1, with new parameters γ0 and γ1 such
that 0 ≤ ε0 ≤ γ0 and γ1 ≤ ε1 ≤ 1

• rounding the largest fractional value to 1.

These rules are depicted in Algorithm 1.

Algorithm 1 Set binary variables for warehouse loca-
tion

Arguments:
γ0: pre-defined threshold to set a binary variable to 0
γ1: pre-defined threshold to set a binary variable to 1
r: level of fixed warehouse location variables
s: desired level of fixed warehouse location variables

while r < s do
for every warehouse location variable xi do

Call the fixing procedure with γ0 and γ1 as

arguments

end for

if no new variable is set to 0 or 1 then
Select the largest fractional value xi

xi ← 1
xj ← 0 ∀j 6= i
Solve LP

if LP is infeasible then
Relax all xj that were fixed to 0

Solve LP

end if
end if

end while

As we want to fix more binary variables than in step
1, γ0 and γ1 must be farther from 0 and 1 than ε0 and
ε1. However, accepting too loose thresholds γ0 and γ1 is
likely to yield very bad solutions. Finding a good trade-
off between a high level of fixed values and an acceptable
solution is discussed in section 3.2.2.

The second part of Algorithm 1 gives priority to the
variables that have a tendency towards 1. The variable
with the largest fractional value is selected and set to 1
whereas the others are set to 0. If the obtained solution
is infeasible due to the lack of warehouse capacity, we
relax all binary variables that were fixed to 0 at the
current iteration. The advantage of this rule is that,
in the best scenario, we can fix all warehouse location
variables in one iteration. However, in practice, this
scenario very seldom occurs.

2.2.4 Setting binary variables for plant location
(used in Step 2)

We cannot apply Algorithm 1 to the plant variables be-
cause the model includes the possibility of subcontrac-
ting a part of the production. Moreover, the capacity
of subcontracted plants is supposed to be unlimited.
Hence, Algorithm 1 can always find a feasible solution
for plant capacities with no guarantee of minimizing the
objective function.

We resort to a greedy heuristic where a feasible so-
lution is built iteratively by rounding the greatest frac-
tional value up to 1. The method is detailed in Algo-
rithm 2.

Algorithm 2 Set binary variables for plant location

Parameters:
OP : objective function value of the previous iteration
OI : objective function value of the current iteration
δO: difference in the objective function values

for every plant location variable xi do
xi ← 0

end for
Solve LP and Save OI

Relax all variables xi that were fixed to 0

repeat
OP = OI

Select the largest fractional value xi among

variables for plant location

xi ← 1
xj ← 0 ∀j 6= i
Solve LP and Save OI

δO = OI −OP

if δO ≤ 0 then
Relax all variables xj that were fixed to 0

Solve LP

end if
until δO ≥ 0

The advantage of this procedure is that it sets all
plant location variables to 0 or 1. On the other hand,
it takes the value of the objective function into account
and does not only try to get a feasible solution.

3 COMPUTATIONAL TESTS

We evaluate the heuristic by solving the test instances
with the same characteristics as those presented in
Thanh et al. (2007). In that paper, the numerical ex-
periments highlighted the large variability of the compu-
tational times for different instances with the same cha-
racteristics. For instances of limited size (about 1000 bi-
nary decision variables), it was always possible to obtain
optimal solutions in less than three hours on a personal
computer. Unfortunately, for larger instances, obtaining
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the optimal solution generally required hours of calcu-
lation. This makes the problem intractable in practice.

3.1 Data description

We consider ten families of instances, which are divided
into two sets: five families of small instances (denoted in
order of increasing size from S1 to S5) and five families
of medium instances (denoted in order of increasing size
from M1 to M5). In the small instances, the number of
entities (suppliers, plants, warehouses, customers) varies
from 65 to 120 and there are from 10 to 18 products. For
medium instances, the number of entities varies in the
interval [144, 205] and there are from 18 to 26 products.
The planning horizon is fixed to five periods. For each
family, we generate ten instances. This limits the impact
of particular instances. The detailed characteristics of
the data sets are described in Table 1 and Table 2.

Family S1 S2 S3 S4 S5
Suppliers 5 10 10 12 12
Plants 5 9 9 9 9

Warehouses 5 9 9 9 9
Customers 50 70 70 90 90
Products 10 10 14 14 18

Binary variables 375 710 810 900 1020

Table 1: Parameters for small instances

Family M1 M2 M3 M4 M5
Suppliers 12 12 14 14 15
Plants 11 11 11 11 15

Warehouses 11 11 11 11 15
Customers 110 110 130 130 160
Products 18 22 22 26 26

Binary variables 1100 1220 1350 1490 1725

Table 2: Parameters for medium instances

We report the total number of binary variables, but
only half of them are location variables. The others
concern the selection of suppliers.

3.2 Numerical results

The heuristic is implemented in C++ while the linear re-
laxations and the resulting problem in Step 3 are solved
with the MILP solver of Xpress-MP (release 2005). In
addition, to evaluate the quality of the heuristic, each
instance is solved separately with Xpress-MP. The ex-
periments are performed on a Pentium IV, 3.2 GHz pro-
cessor with 1 GHz of RAM.

3.2.1 Numerical results with the MILP solver

The numerical results obtained with the MILP solver
are presented in Table 3 and Table 4. We use them as a
benchmark for the heuristic. Best and Worst represent

the shortest and the longest time (in seconds) among
the ten instances of each family.

Family S1 S2 S3 S4 S5
Best 5 38 237 274 748

Average 24 144 1099 4500 6840
Worst 53 638 1954 10920 11100

Table 3: Computational time (in seconds) with the
MILP solver for small instances

We observe that the longest CPU time for these ins-
tances is about three hours. Thus, we choose this com-
putational times as a limit for the medium instances.
The obtained optimality gap is calculated as follows:

Optimality gap =
Best solution − Lower bound

Lower bound
×100.

Family M1 M2 M3 M4 M5
Best 0 0 0 0.6 1.1

Average 0.5 0.7 0.8 1 2.96
Worst 1.4 2.1 2 2.8 5

Table 4: Optimality gap (%) after 3h of computation
with the MILP solver for medium instances

We decide to report the optimality gap rather than
the time needed to get the optimal solution because this
is too long for instances of the last five families.

As described in Thanh et al. (2007), we observe a
strong variability in the results for instances of the same
family. This can be explained by the nature of our data
sets. Three criteria influence the difficulty of the prob-
lem: the size of the logistics network, the complexity of
the supply chain structure and the complexity of the bill
of materials. For instances of the same family, we have
the same size of network but we generate instances with
different levels of difficulty for the other two criteria.

3.2.2 Tuning the heuristic parameter values

As stated previously, the heuristic is influenced by five
parameters:

• ε0, γ0: thresholds to fix binary variables to 0,

• ε1, γ1: thresholds to fix binary variables to 1,

• s: desired level of fixed location variables.

These parameters can lie in the interval [0, 1] with
ε0 < ε1 and γ0 < γ1. With the aim of tuning these
parameter values, we carried out some experiments with
two instances of each family. The following set seems
to achieve a good trade-off between the computational
time and the quality of the solution:
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• ε0 = 0.05, γ0 = 0.1,

• ε1 = 0.9, γ1 = 0.8,

• s = 0.6 for the families S1 to S5 and s = 0.8 for the
families M1 to M5

The numerical results reported in sections 3.2.3 and
3.2.4 are obtained with these parameter values.

We found out that among these five parameters, s
has the strongest influence on the performance of the
heuristic because the other four parameters can be ad-
justed when we obtain an infeasible solution. In order
to examine the stability of the heuristic with respect to
s, we kept fixed values for ε0, ε1, γ0, γ1 and tested two
other scenarios for s:

• First scenario: s = 0.5 for the families S1 to S5 and
s = 0.65 for the families M1 to M5

• Second scenario: s = 0.75 for the families S1 to S5
and s = 0.85 for the families M1 to M5

Fortunately, we observed only a slight difference bet-
ween the three scenarios. The maximal difference is
0.8% for the objective function value and 10% for the
execution time. From our experiments, the heuristic
seems to be robust with respect to reasonable changes
in parameters.

3.2.3 Heuristic numerical results

We report the results of the heuristic in Table 5 and
Table 6. The first part of these tables represents the
CPU times (in seconds) of each family. For better des-
cribing how this time is used, we report also the ratio
(in percentage) of the running time of first two steps
with respect to the total time of the heuristic. The last
showed information is the number of iterations and the
number of infeasible solutions occurring in the first step.
These quantities are the average of ten instances in each
family.

Family S1 S2 S3 S4 S5

CPU times (in seconds)
Best 5 14 31 60 99

Average 7 19 61 147 159
Worst 13 25 81 324 356

Ratio (%) of Step 1 and Step 2 execution times
Average 64 60 59 63 57

Infeasible solutions in Step 1 (on average)
Iterations 3.6 3.7 4.8 7.7 8.5
Infeasible 0.4 0 0.4 2.6 2.8

Table 5: Small instances - Results with the heuristic

Family M1 M2 M3 M4 M5

CPU times (in seconds)
Best 238 254 346 486 1671

Average 368 646 1774 1470 3675
Worst 658 1331 11111 2028 6330

Ratio (%) of Step 1 and Step 2 execution times
Average 76 70 59 74 64

Infeasible solutions in Step 1 (on average)
Iterations 7.1 7.6 7.5 8.5 8.9
Infeasible 2.2 2.2 2.3 2 2

Table 6: Medium instances - Results with the heuristic

We observe a strong increase in the CPU times for
the last families. Nevertheless, the heuristic requires on
average about one hour for the largest instances. On
the other hand, as with the MILP solver, we obtain
a high variability within the same family. The largest
difference is recorded for the family M3.

We suppose that the heuristic needs less than three
hours so that this time is taken as the limit for its run-
ning time. In practice, the heuristic stopped after less
than one hour in more than 90% of the instances and
after less than ten minutes in more than 60% of them.

The execution time tends to get longer when the ins-
tance size grows, but the running time is larger for fa-
mily M3 than for family M4. This abnormal result is
due to one difficult instance of M3 that requires more
than three hours.

The largest part of the computational time is dedi-
cated to Steps 1 and 2. On average, these steps repre-
sent 60% of the total time of the heuristic.

We report only the number of infeasible solutions ob-
tained in Step 1 because none is recorded in Step 3.
We note that, for the last seven families, the ratio of
infeasible solutions is higher, around 30% of the total
number of iterations. Finding feasible solutions for the
first three families seems to be much easier. The more
complex the problem, the more difficult it is to find a
feasible solution.

3.2.4 Comparison between the MILP solver
and the heuristic solutions

In this section, we present the comparison between the
MILP solver and the heuristic solutions with respect
to the execution time and the value of the objective
function (Table 7 and Table 8).

The relative gap in computational time ∆T and the
relative deviation of the value of the objective function
∆O are defined as follows:

∆T =
TH − TS

TS
× 100, ∆O =

OH −OS

OS
× 100.
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where
TH : computational time of the heuristic,
TS : computational time of the MILP solver,
OH : objective function value of the heuristic,
OS : objective function value of the MILP.

Family S1 S2 S3 S4 S5

∆T (%)
Best -86 -97 -96 -99 -99

Average -43 -75 -91 -93 -95
Worst 30 -56 -74 -78 -80

∆O (%)
Best 0 0.7 0.2 0.04 0.04

Average 3.32 3.67 1.7 2.7 1.3
Worst 10.6 10.5 8.3 7.7 3.7

Table 7: Small instances - Comparison of computational
time and value of the objective function

Family M1 M2 M3 M4 M5

∆T (%)
Best -97 -97 -96 -95 -85

Average -96 -94 -83 -86 -68
Worst -94 -87 0.4 -76 -55

∆O (%)
Best -0.01 0.03 0.09 -0.9 -5

Average 2.8 0.6 1.09 0.5 -2.5
Worst 6.7 1.8 3.4 2.2 0.98

Table 8: Medium instances - Comparison of computa-
tional time and value of the objective function

Table 7 and Table 8 report the best, the average and
the worst value of ∆T and ∆O for each family. The ave-
rage gap in execution time varies between −43% and
−96% and the average of the relative deviation of the
objective function value varies from 3.67% to −2.5%.
We observe a large variability between the ten families.

In addition, the results are different from one family
to another. For the first two families (S1 and S2), ∆T is
lower than the others. Unfortunately these families also
have the highest relative deviation of value of the objec-
tive function. This confirms that the heuristic is more
efficient for large instances than for small ones. Never-
theless, we suppose that the resolution of small instances
with the heuristic is not so useful because they can be
solved with the commercial solver within a reasonable
time. We turn our attention to the results of larger ins-
tances. From S3 to M2, the gain in time is very high
(more than 90%) while we lose around 2% to 3% on
∆O. For the last two families, ∆T is lower than for the
preceding families but ∆O is also lower.

For all test instances, the heuristic runs faster (this is
represented by the negative value of ∆T ) except for two
instances (one instance of S1 and another of M3). Con-
cerning the instance of the first family, since its execu-

tion time is negligible, this overtaking is not important.
As regards the instance of M3, it seems that the desired
level s is not large enough to help the heuristic to finish
within three hours.

Note that the instances of the family M5 are better
solved by the heuristic than by the solver (stopped after
three hours). This confirms the efficiency of the heuris-
tic for large instances.

In order to evaluate the performance of the heuristic,
we measure the running time T ∗ of each instance. The
MILP solver is run for exactly the same duration T ∗.
The values of the objective function of the heuristic and
the MILP solver are then compared. Table 9 and Table
10 show the relative deviation ρO of the heuristic solu-
tion with respect to the MILP solution. ρO is defined
as follows:

ρO =
OH −OS

OS
× 100.

where
OH : objective function value with the heuristic,
OS : objective function value with the MILP solver.

Family S1 S2 S3 S4 S5

ρO (%)
Best -24 -41.11 -47.6 -50.67 -57.34

Average -8.7 -26 -28.55 -21.78 -30.77
Worst 8.38 -4.21 -7.2 8.49 0.805

Instances for which the heuristic outperforms the solver (/10)
Number 5 10 10 7 9

Table 9: Small instances - Comparison of the objective
function value with the same allocated computational
time

Family M1 M2 M3 M4 M5

ρO (%)
Best -51.32 -59 -57 -60 -59.35

Average -29.2 -44.5 -34.11 -32.45 -37.84
Worst 2.8 0.08 -0.02 0.08 -7.55

Instances for which the heuristic outperforms the solver (/10)
Number 9 9 10 9 10

Table 10: Medium instances - Comparison of the ob-
jective function value with the same allocated computa-
tional time

On average the heuristic outperforms the MILP
solver. The average relative deviation varies from
−8.7% to −44.5%. Nevertheless, for six families we have
at least one instance where the MILP solver is more ef-
ficient than the heuristic. This is represented by the
positive worst value of ρO and by the number of ins-
tances for which the heuristic outperforms the MILP
solver (less than 10).
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The worst results are recorded for families S1 and S4.
For these two families the worst relative deviation is
around 8% and at least two instances of each family are
better solved by the MILP solver. On the other hand,
the results for medium families are more encouraging.
In each family, we have at least nine smaller values of
the objective function with the heuristic. Even when the
MILP solution is better the relative deviation is negli-
gible.

4 CONCLUSION AND FURTHER RE-
SEARCH

We have proposed a heuristic based on LP-rounding
rules for the design and strategic planning of complex
logistics networks. The method relies on successive re-
laxations of the original mixed integer linear program.
At each iteration, some binary variables are set to 0 or
1, either directly by the linear relaxation or by some
rounding procedures. The last step of the heuristic con-
sists of solving exactly the resulting problem by a solver.

The proposed LP-rounding heuristic has some new
performance points. First of all, it ensures a feasible
solution for every instance thanks to the correction pro-
cedure. We try to develop an efficient procedure by
relaxing as few fixed variables as possible. On the other
hand, the heuristic selects a subset of critical binary
variables corresponding to location decisions and ne-
glects less important decisions. We present two addi-
tional fixing rules for important variables: largest frac-
tional value and a greedy rule. These procedures are
based on the fractional value of binary variables and do
not take probabilistic elements into consideration. The
use of an exact method in the last step of the heuristic is
also a new point. Indeed, after the first two steps, most
of the binary variables are fixed. The problem size is
reduced so that the execution time of the exact method
may also be reduced.

The numerical results confirm the efficiency of the
heuristic, especially for medium-sized instances. The
observed average reduction of computational time is
more than 80% while we lose only 1.5% on average of the
value of the objective function. The gain is maximal for
medium-sized instances. We observe that for the largest
instances (family M5), the resulting MILP at Step 3 is
still large, and the time reduction of the heuristic is only
68% on average. However, the objective function of the
exact method is improved by 2.5%.

There are several ways of improving the heuristic. Al-
though we observe some robustness of the result with
respect to the parameters mentioned in section 3, we be-
lieve that having a good comprehension of their indivi-
dual contribution would benefit the whole algorithm.
The present heuristic can be embedded into a more
complex method or be used for other types of MILP

problem. One important issue is to identify the deci-
sion variables that play a critical role in the quality of
solutions.
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