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Due to the problem of global warming, the green supply chain management, in particular, closed-loop
logistics, has drawn the attention of researchers. Although there were logistics models that were exam-
ined in the literatures, most of them were case based and not in a closed-loop. Therefore, they lacked
generality and could not serve the purposes of recycling, reuse and recovery required in a green supply
chain. In this study, the integration of forward and reverse logistics was investigated, and a generalized
closed-loop model for the logistics planning was proposed by formulating a cyclic logistics network
problem into an integer linear programming model. Moreover, the decisions for selecting the places of
manufactories, distribution centers, and dismantlers with the respective operation units were supported
with the minimum cost. A revised spanning-tree based genetic algorithm was also developed by using
determinant encoding representation for solving this NP model. Numerical experiments were presented,
and the results showed that the proposed model and algorithms were able to support the logistic deci-
sions in a closed-loop supply chain efficiently and accurately.
Statement of scope and purposes This study concerns with operations of 3R in the green supply chain
logistics and the location selection optimization. Based on `cradle to cradle' principle of a green product,
a “closed-loop” structure of a network was proposed in order to integrate the environmental issues into
a traditional logistic system. Due to NP-hard nature of the model, a Genetic Algorithm, which is based
on spanning tree structure was developed. Test problems from the small size for accuracy to the large
scale for efficiency have been demonstrated with comparison. The promising results have shown the
applicability of the proposed model with the solution procedure.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

Due to the awareness of the environmental protection, how to
reduce the utilization of the materials by reusing and remanufactur-
ing the used products has been a critical issue for an enterprise. This
induces the concept of the green supply chain management and has
led to a problem of the closed-loop supply chainmanagement. Differ-
ent from a conventional supply chain, planning a green supply chain
requires an additional function of recycling and thus, a closed-loop
chain is a necessary infrastructure for a material flow. Then, with
well-managed reverse logistics, 3R of reduce, recovery and reuse for
the environmental protection can be achieved with cost savings in
the procurement, the disposal and the transportation [19].

Technically, the closed-loop logistics comprises two parts: for-
ward logistics and reverse logistics. For the forward logistics, as
a conventional logistics, after manufactory, the distributors will
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deliver the final products to the customers to satisfy their demands
and the position of the customers is typically the end of the process.
For the reverse logistics, the flow of used products is processed from
the customers back to the dismantlers to do the sorting or disassem-
bling for recovery, reuse or disposal [3,15,23,26,29]. The closed-loop
logistics management is to ensure the least waste of the materials by
following the Conservation Law along the life cycles of the materials.

Generally speaking, for a network planning problem, there are
three issues needed to be considered: the validity of the model, the
efficiency of the solution and the applicability. For a closed-loop
logistics problem, the status quo of these issues can be summarized
as follows:

(1) For modeling: Most of the studies only discussed the reverse
logistics model. Some studies have proposed the closed-loop
models, but the loops were considered as a “prolonged supply
chain” by lacking of the relation between forward and reverse
flows [9,28,31]. Therefore, instead of sharing the same capac-
ity, the models often assumed the unlimited capacities for the
reverse logistics or did not state the relation between forward
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and reverse flows, which are not valid for representing the real
situations.

(2) For applications: Because of the assumed unlimited capacities
for the facilities of distribution centers or dismantlers in the
reverse logistics, it has resulted in unrealistic route design for
the used materials from the customers for recovery, reused or
disposal [25].

(3) For solutions: A logistics planning problem with the location
selection is an NP-hard problem [8,14,18,30]. Efficient solution
procedure remains a challenge for researchers and practitioners.

To cope with these issues, in this study, we shall investigate the
features and purposes of a green logistics management and in par-
ticular, the difference of a “prolonged supply chain” and a closed-
loop supply chain for green products. Based on the findings, we shall
develop a comprehensive green logistics model to support decisions
of facility locations and material flows through a closed-loop capac-
itated supply chain when the realistic applications of 3R green ma-
terials logistics are expected with minimum total cost. Furthermore,
an efficient algorithm will be developed and evaluated.

After the literature review of closed-loop logistics and Genetic
Algorithms in Section 2, a mathematical model for closed-loop lo-
gistics will be proposed with the specification of its properties in
Section 3. Estimation of its complexity will be done with numerical
illustrations. In Sections 4 and 5, a revised spanning-tree based ge-
netic algorithm is proposed to resolve this model, which is evaluated
using large-scale problems. Finally, in Section 6, the conclusion will
be drawn.

2. Literatures review

In this section, we probe the literature and categorize studies into
two. The first one is the closed-loop logistics, and the second is the
Genetic Algorithms used in a logistics network.

2.1. Closed-loop logistics

Closed-loop logistics refers to all those activities associated with
the transformation and the flows of goods and services with their
information from the sources of the materials to the end users. Man-
agement refers to the integration and treatment of these activities,
both internal and external of a firm [4]. Therefore, an integrated sup-
ply chain management aims to close material cycles and prevent the
leakage of the materials from the chain using the minimal costs to
achieve maximal value [6].

Fleischmann et al. [10] pointed out that a closed-loop sup-
ply chain may include traditional manufacturers, retailers, with
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Fig. 1. Framework of green supply chain logistics.

logistics service providers in the forward channel; and specialized
parties of secondary material dealers and material recovery facili-
ties in the backward channel. One of the key aspects in the closed-
loop management is the simultaneous improvement of both eco-
nomic and environmental performance throughout the chain by es-
tablishing long-term relationships between buyers and suppliers
[35]. Therefore, building a stable closed-loop logistics in a chain is
necessary when the objectives of minimizing both the total cost and
the involved environmental impacts are desired by the companies.

Therefore, for a closed-loop logistics problem, in addition to the
conventional logistics which is described by a network of suppliers,
manufacturing sites, distribution centers (DCs) and customer loca-
tions through logistics, an important module, dismantlers or recy-
clers, is incorporated into a supply chain network. These dismantlers
handle the recovered resources into many different types for fur-
ther use or disposal [3]. That is, if the recycled resources can be used
again at dismantler sites, the resource should be shipped to a man-
ufacture for reproduction; otherwise, the un-useful resources must
be land filled [29]. This behavior in a closed-loop system is regarded
as reverse logistics.

In reality, a distribution center often plays such role as a collector
in a recovery system. Therefore, in this study, depending on the
needs, a DC in a closed-loop logistics network can act as a distributor
only or both distributor and collector.

The framework of closed-loop logistics can be viewed as Fig. 1.
The integration of the forward and reverse logistics model is

called the closed-loop logistics model (CLL). Few studies have consid-
ered this issue. Fleischmann et al. [9] designed a reversed logistics
network by considering the forward flow together with the reverse
flow which has no capacity limit. Extending Fleischmann et al.'s
model, Salema et al. [28] proposed a general model that has been
applied to an Iberian company. However, when suspending the lo-
gistics between dismantlers and plants, both Fleischmann et al. and
Salema et al.'s models did not consider the supplier side and lacked
the relations between forward and reverse flows. Sometimes, the
DCs also play the role of the collected centers. Thus, the capacity of
DC is used for both distribution and collection. When the amounts of
the collection are larger, then the amounts of the distribution must
decrease under the same capacity. Similarly, if we consider the sup-
ply side, the plants must allow the materials flow from both forward
(suppliers) and reverse (dismantlers) under the same capacity. If the
amounts of returns are larger in a certain plant, the amounts of or-
ders from suppliers will decrease. These interactions are the charac-
ter of a closed-loop supply chain and the model cannot be separated
into two parts independently. Without considering such kind of re-
lations, the model is simply a “prolonged supply chain” including
forward and reverse chains but not a loop.
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In addition, Salema et al.'s model left the unsatisfied demand and
did not consider the relations between demands, recovery amounts,
and landfilling amounts, which is undesirable and unrealistic inman-
agement.

Üster et al. [31] considered a closed-loop network design prob-
lem, and solved by Benders decomposition. Üster et al. separated
manufacturing from remanufacturing and assumed a single source
for the customer supplying. Treating the model as the problem of
the simple assignment has prevented it from general applications.
The realistic logistics solution should provide the best combination
of routings, and each node should be able to connect all nodes in the
next stage, but not exclusively assigned.

The problem with the location selection of conventional logistics
planning has been discussed extensively, and this kind of problem is
an NP-hard problem [11,30]. Therefore, to overcome the shortages of
the existing models and tackle the features of closed-loop logistics,
how to develop an efficient solution procedure is another aim of our
study.

2.2. Genetic algorithms in logistic networks

Genetic Algorithm is a commonly used optimizing tool for engi-
neering calculation. It was proposed by Professor John Holland of the
University of Michigan in 1975. Dengiz et al. [7] offered many exam-
ples on GA, which showed that it can be applied to a wide variety of
applicative domains. For the fundaments of GA, one can refer to Gen
and Cheng [11]. In the reverse logistics, Min et al. [24] also success-
fully used GA to develop a multi-echelon reverse logistics network
for product returns.

The concept of applying a spanning tree to supply chain net-
work problems was first proposed by Syarif et al. [30]. To utilize the
characteristic of a spanning tree to set up the code of a genetic al-
gorithm, Syarif et al.'s method was able to determine the locations
of manufacturing sites and DCs. This kind of problem is a kind of
fixed charge transportation problem (FCTP), and both Jo et al. [18]
and Gottlieb and Paulmann [14] successfully adopted spanning tree-
based GA with Prüfer encoding to solve FCTP.

In the literature, various encoding methods have been used to
represent trees, and they can be classified broadly into three cat-
egories: edge, node, and edge-node encodings. Edge encoding has
been found to be a poor representation, while in node- or vertex-
based encoding, the nodes rather than the edges are represented in
the encoding [5]. A popular encoding method for trees called Prüfer
encoding is based on the Prüfer number [16], which represents a
tree of n nodes with n−2 digits, where each digit is an integer be-
tween 1 and n. However, empirical investigations have shown that
Prüfer encoding is a poor method in evolutionary algorithms and
thus should be avoided [13,20,34].

Abuali et al. [1] based on nodes to offer Determinant Encoding,
and they proved that the code is better than Prüfer's. Both the works
of Chou et al. [5] and Yao and Hsu [33] for a logistic network further
confirmed this conclusion.

There are two issues that are needed to be addressed for the ini-
tialization of a GA: the population size and the procedure to initial-
ize the population. For the population size, Goldberg [12] has shown
the need of increasing population exponentially with the length of
the chromosome string in order to generate good solutions. Regard-
ing the generation of the initial population, there were two ways
proposed in the literature: random initialization and heuristic type
initialization. Doris et al. [27] used alternative approach to gener-
ating initial solutions in place of random method and got a better
result. Baker and Ayechew [2] compared random, heuristic type, and
mixed population containing both random and heuristic initial solu-
tions, and concluded that an initial population of heuristic solutions
will lead to high-quality solutions in a relatively small number of

generations of the GA. However, a possible drawback is that such a
population will lack of diversity needed to obtain near-optimal so-
lutions.

2.3. Conclusion

Reviewing the above-mentioned literature on closed-loop logis-
tics, it is noted that most of the existing models lack of the relations
between forward and reverse logistics embedded in a closed-loop
system. Since 3R of recovery, recycle and reuse are activities to ful-
fill the basic principle of “cradle to cradle” in closed-loop manage-
ment, therefore, Conservation Law should be obeyed at each node
or state and will be satisfied in our proposed closed-loop logistics
model.

In addition, the closed-loop logistics is an NP-hard problem. Thus
an efficient algorithm is essential for enterprises. From the litera-
tures, we can note that GAs have been successfully applied to a wide
range of domains including reverse logistics. Among varieties of ver-
sions, spanning-tree based GAs with Determinant Encoding tech-
nique has shown their potential in solving forward logistics with
good outcomes. Therefore, we shall adopt such technique to develop
a GA to solve the proposed closed-loop logistic model.

3. A mathematical programming model for closed-loop supply
chain logistics

From the concepts we described above, we know that the closed-
loop supply chain is different from a conventional supply chain. The
problems involved are more complex, and need more than double
efforts to analyze both forward and reverse logistics simultaneously.

To measure the effectiveness of the logistics in a closed-loop net-
work, the cost is normally considered by a company. Besides, in a
multistage supply chain network problem, the following conditions
should be satisfied in modeling [17,30,33,34].

(a) The demand of each customer must be satisfied.
(b) The flow is only allowed to be transferred between two consec-

utive stages.
(c) The number of facilities that can be opened and their capacities

are both limited.

Because they are also the basic conditions for closed-loop logis-
tics, we shall consider them as our assumptions in modeling.

Note that there are essentially five stages along a green logistic
network: suppliers, manufacturers, DCs, customers, and dismantlers.
Apart from the common conditions of the satisfied demand in (a),
and limited capacities in (c); from Assumption (b), it can be noted
that there are no flows between the facilities at the same stage.

One special issue of closed-loop logistics is the recycling rate,
including the recovery and landfilling rates. Laan et al. [21] pointed
out that in the recovery systems; a common assumption is that the
amounts of the returned products depend on the demand of the
products. To adopt this assumption, the recovery amount is assumed
to be a percentage of the customer demand in our model. Then, this
leads to the fourth assumption as

(d) The recovery and landfilling rates are given.

The goal of this study is to design a closed-loop supply chain
logistics system that can minimize the total transportation and the
operation costs by determining locations of the facilities and the
flows of the operation units along each capacity-constrained stage
when the demand of customers and the recycling rates are given.
This closed-loop system is meant to support long-term steady-state
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logistics decisions. Therefore, from the economic point of view, we
can suggest the minimal cost flows and opening facilities in the
system.

3.1. The proposed closed-loop logistics model

Consider the integer-valued basic logistics units in our system, in
this section, based on four assumptions and the network structure;
we shall propose a mathematical model to describe such logistic
system.

Before modeling, we define the related parameters and notations
as below:

Indices

I the number of suppliers with i = 1, 2, . . . , I
J the number of manufactories with j = 1, 2, . . . , J
K the number of DCs with k = 1, 2, . . . , K
L the number of customers with l = 1, 2, . . . , L
M the number of dismantlers with m = 1, 2, . . . , M

Parameters

ai capacity of supplier i
bj capacity of manufactory j
Sck total capacity of forward and reverse logistics in the DC k
pdk the percentage of total capacity for reverse logistics in DC k
pcl recovery percentage of customer l
plm the landfilling rate of dismantler m
dl demand of the customer l
em capacity of dismantler m
sij unit cost of production in manufactory j using materials

from supplier i
tjk unit cost of transportation from each manufactory j to each

DC k
ukl unit cost of transportation from DC k to customer l
vkm Unit cost of transportation from DC k to dismantler m
wmj unit cost of transportation from dismantler m to manufac-

tory j
Rulk unit cost of recovery in DC k from customer l
fj fixed cost for operating manufactory j
gk fixed cost for operating DC k
hm fixed cost for operating dismantler m
� fixed cost for landfilling per unit

Variables

xij quantity produced at manufactory j using raw materials
from supply i

yjk amount shipped from manufactory j to DC k
zkl amount shipped from DC k to customer l
okm amount shipped from DC k to dismantler m
Rdmj amount shipped from dismantler m to manufactory j
Rzlk quantity recovered at DC k from customer l

�j =
{
1 if production takes place at manufactory j

0 otherwise

�k =
{
1 if DC k is opened

0 otherwise

�m =
{
1 if dismantler m is opened

0 otherwise

Because the recovery and landfilling rates are the estimated pro-
portional values of the demand and the recovery amount, they are
non-integral. Similarly, the percentage of the capacity for the reverse
logistics in DC is also estimated proportionally with real numbers.
Therefore, in order to maintain integral properties, Gauss symbol is
used in our mathematical model and the model is shown below with
TC as the total cost:

Object function:

min TC =
∑
i

∑
j

sijxij +
∑
j

∑
k

tjkyjk +
∑
k

∑
l

uklzkl +
∑
k

∑
m

vkmokm

+
∑
m

∑
j

wmjRdmj +
∑
l

∑
k

RulkRzlk +
∑
j

fi�j

+
∑
k

gk�k +
∑
m

hm�m + �
∑
m

⎢⎢⎢⎣plm
∑
k

okm

⎥⎥⎥⎦ (1)

Subject to∑
j

xij � ai, ∀i (2)

∑
k

yjk � bj�j, ∀j (3)

∑
i

xij +
∑
m

Rdmj =
∑
k

yjk, ∀j (4)

∑
l

zkl +
∑
m

okm � Sck�k, ∀k (5)

∑
j

yjk =
∑
l

zkl, ∀k (6)

∑
m

okm � �pdkSck�k�, ∀k � � : floor for Gauss’symbol (7)

∑
l

Rzlk =
∑
m

okm, ∀k (8)

∑
k

Rzlk �

⎡
⎢⎢⎢pcl

∑
k

zkl

⎤
⎥⎥⎥ , ∀l � � : ceiling for Gauss’symbol (9)

∑
k

zkl �dl, ∀l (10)

∑
j

Rdmj +
⎢⎢⎢⎣plm

∑
k

okm

⎥⎥⎥⎦ � em�m, ∀m � � : floor for Gauss’symbol

(11)

∑
k

okm =
∑
j

Rdmj+
⎢⎢⎢⎣plm

∑
k

okm

⎥⎥⎥⎦ , ∀m � � : floor for Gauss’symbol

(12)

�j,�k,�m ∈ {0, 1}, ∀j, k,m (13)

xij, yjk, zkl, okm,Rdmj,Rzlk ∈ N ∪ {0} ∀i, j, k, l,m (14)

The objective is to minimize the total cost of the transportation
and the operations, and the objective function (1) represents this
goal. The constraints mainly contain two types: one is for limited
capacities and the other is for the law of the flow conservation. Con-
straints (2) and (3) represent the limit of the capacity for suppliers
and manufactories in forward logistics. Constraint (5) shows that
the total flows of forward and backward cannot exceed the total ca-
pacity of DC. Constraints (7) and (11) mean the reverse limit of the
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capacity for DCs and dismantlers. Constraint (9) describes the cus-
tomer recovery relationship with the recovery rate. Constraints (4),
(6), (8) and (12) satisfy the law of the flow conservation by in-flow
equal to out-flow. Constraint (10) is to satisfy the customer demand.
Constraint (13) denotes the binary variables, and Constraint (14) is
the non-negative, integral condition in our model.

The parameter of pdk is used to describe the role of DC k. If pdk=0,
DC k has a sole duty for distribution in the forward logistics; and
when pdk = 1, DC k may play a singular role for Collection Center.
If pdk falls in between zero and one, it means DC k not only can
be a distribution center, but also a collection center. The concept
is similar for Manufactories. If a Manufactory accepts the resources
from the dismantlers for reuses, it acts as both Manufacture and Re-
manufacture; otherwise it only uses raw materials for manufactory.
These concepts have been presented in our general closed-loop lo-
gistics model.

Because the variables denote the basic units of logistics, apart
from 0–1 decision variables, all other variables are all integers and
thus Gauss' symbols are introduced in the model. The floor and ceil-
ing of Gaussian are defined below:

Definition 3.1. The floor or the ceiling of a real number x is an integer
denoted by �x� and �x�, respectively, and defined, respectively, as
below:

�x� = {x|x� x, x� y,∀y, x ∈ I}
�x� = {x|x� x, x� y,∀y, x ∈ I}

Because of Gaussian, the model will be further transformed into
a linear model.

3.2. The transformed integer linear programming model

To transform into a computable model, we propose the following
process to transform two rates into linear forms as below:

Let us consider the Constraints (7) and (9) first. Since �pdkSck�k�
and �pcl

∑
kzkl� are the joint given input values of all parameters: pdk,

pcl, and Sck; and
∑

kzkl equals to the demand of customer l, because
customer demand must be satisfied by Constraint (10) and the opti-
mal solution exists if and only if Constraint (10) equals to the lower
bound, therefore, by rewriting SPk = �pdkSck� and ZPl = �pcl

∑
kzkl�,

Constraints (7), (9), and (10) can be transformed, respectively, into
(7a), (9a) and (10a) as below:

∑
m

okm � SPk�k, ∀k (7a)

∑
k

Rzlk � ZPl, ∀l (9a)

∑
k

zkl = dl, ∀l (10a)

As regards Constraints (11) and (12) which are different from
the situation above with decision value,

∑
kokm are not known in

advance, and also plm are the parameters related to the estimated
landfilling amounts. To transform these two constraints with Gauss's
symbol, three additional inequalities are needed as defined below.

OPm �plm
∑
k

okm, ∀m (15)

OPm �plm
∑
k

okm − �, ∀mwhere � → 1− (16)

OPm ∈ N ∪ {0} ∀m (17)

∑
j

Rdmj + OPm � em�m, ∀m (11a)

∑
k

okm =
∑
j

Rdmj + OPm, ∀m (12a)

where a very small real number � > 0 is given to ensure inequality
holds for integer solutions.

Then, the original model with Gauss's symbol can be transformed
into an integer linear program (ILP) which is summarized as below:

Closed-loop logistics model (CLL model):

min TC =
∑
i

∑
j

sijxij +
∑
j

∑
k

tjkyjk +
∑
k

∑
l

uklzkl

+
∑
k

∑
m

vkmokm +
∑
m

∑
j

wmjRdmj

+
∑
l

∑
k

RulkRzlk +
∑
j

fi�j +
∑
k

gk�k

+
∑
m

hm�m + �
∑
m

OPm (1)

Subject to∑
j

xij � ai, ∀i (2)

∑
k

yjk � bj�j, ∀j (3)

∑
i

xij +
∑
m

Rdmj =
∑
k

yjk, ∀j (4)

∑
l

zkl +
∑
m

okm � Sck�k, ∀k (5)

∑
j

yjk =
∑
l

zkl, ∀k (6)

∑
m

okm � SPk�k, ∀k (7a)

∑
l

Rzlk =
∑
m

okm, ∀k (8)

∑
k

Rzlk � ZPl, ∀l (9a)

∑
k

zkl = dl, ∀l (10a)

OPm �plm
∑
k

okm, ∀m (15)

OPm �plm
∑
k

okm − � ∀m (16)

∑
j

Rdmj + OPm � em�m, ∀m (11a)

∑
k

okm =
∑
j

Rdmj + OPm, ∀m (12a)

�j,�k,�m ∈ {0, 1}, ∀j, k,m (13)

xij, yjk, zkl, okm,Rdmj,Rzlk, OPm ∈ N ∪ {0}, (14)

� → 1− ∀i, j, k, l,m (17)
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Table 1
The size and estimated constants of the example.

Suppliers Manufactories DCs Customers Dismantlers pdk (%) pcl (%) plm (%) �

3 5 3 4 2 10 10 10 5

Table 2
Capacity, demand (in unit) and fixed cost (US$).

Supplier Manufactory DC Customer Dismantler

Capacity Capacity Fixed cost Capacity Fixed cost Demand Capacity Fixed cost

500 400 1800 870 1000 500 540 900
650 550 900 890 900 300 380 800
390 490 2100 600 1600 400

300 1100 300
500 900

Table 3
Unit shipping cost for each stage (US$).

Supplier Manufactory
1 2 3 4 5

1 5 6 4 7 5
2 6 5 6 6 8
3 7 6 3 9 6

Manufactory DC
1 2 3

1 5 8 5
2 8 7 8
3 4 7 4
4 3 5 3
5 5 6 6

DC Customer
1 2 3 4

1 7 4 5 6
2 5 4 6 7
3 7 5 3 6

Customer DC
1 2 3

1 3 7 4
2 8 5 5
3 4 3 4
4 3 2 5

DC Dismantler
1 2

1 3 2
2 2 5
3 3 3

Dismantler Manufactory
1 2 3 4 5

1 2 3 4 2 5
2 3 4 6 3 4

In this closed-loop logistics model, there are (I+2J+4K+2L+4M) con-
straints, and (I×J+J×K+K×L+L×K+K×M+M×J+J+K+2M) variables includ-
ing (J+K+M) binary variables, in which additional 2M variables and
M constraints are derived from transformation. With this structure,
the number of variables is always more than that of constraints and
thus the model is always feasible.

Table 4
The optimal solution of numerical example.

Objective value 29848.00

xij x13 = 40 x15 = 460 x22 = 415 x23 = 60 x33 = 390
yjk y22 = 550 y31 = 490 y51 = 319 y52 = 141
zkl z12 = 109 z13 = 400 z14 = 300 z21 = 500 z22 = 191
okm o11 = 61 o21 = 89
Rdmj Rd12 = 135
Rzlk Rz11 = 50 Rz22 = 30 Rz32 = 40 Rz41 = 11 Rz42 = 19
�j �2 = 1 �3 = 1 �5 = 1
�k �1 = 1 �2 = 1
�m �1 = 1
OPm OP1 = 15

3.3. An illustrative example

In this paragraph, we shall use a small example to illustrate the
properties of the problem and the model.

Tables 1–3 are the given data. The example contains 3 suppliers,
5 manufactories, 3 distribution centers, 4 customers and 2 disman-
tlers. Five types of roles are involved with the respective numbers
(recovery, landfilling, and percentage of capacity for reverse in DC)
as shown in Table 1, and three rates are assumed to be equal with
respect to each customer l, dismantler m, and DC k, respectively.
Tables 2 and 3 list all the unit costs of operation and transportation,
respectively.

In this example, with I = 3, J = 5, K = 3, L = 4 and M = 2, there
are 41 constraints, and 82 variables. Using both LINGO 8.0 and ILOG-
CPLEX 7.0 with at most 1(s) elapsed time, we obtained the optimal
solution as shown in Table 4 and Fig. 2:

From this numerical example, it can be seen that with the con-
servation law, all logistic units were reserved in the system of the
forward and backward flows. Also, from this solution, it can be seen
that only three manufactory sites out of five, two distribution centers
out of three, and one dismantler out of two are needed to meet the
overall demands of four customers and recycling. Thus, the model
is able to serve optimal green supply chain management from eco-
nomic viewpoint.

In the closed-loop logistics planning problem, the recovery and
landfilling rates are the most critical yet uncertain factors. In this
numerical example, they are assumed to be 10%. Hsu and Wang [17]
have carried out parameter analysis to obtain the ranges of landfilling
and recovery rates with the same optimal logistics pattern. Also, they
pointed out that because of the recovery rate is more sensitive than



382 H.-F. Wang, H.-W. Hsu / Computers & Operations Research 37 (2010) 376 -- 389

S1
500

S2
650

S3
390

M1
400

M2
550

M3
490

M4
300

M5
500

40

460

415

60

390

DC1
870

DC2
890

DC3
600

550

d1
540

d2
380

490

319

141

C1
500

C2
300

C3
400

C4
300

109

400

300

500

191

61

89

135

50

30

40

11

19

Forward flows

Reverse flows

Fig. 2. Optimal distribution pattern of the illustrative example.

the landfilling rate, therefore, with a smaller tolerance range, any
change of recovery rate should be given more attention in control
and management.

4. Revised spanning-based genetic algorithm

Since the CLL model for the green logistics problem is a ca-
pacitated location-allocation problem; and also can be viewed as
a multiple-choice Knapsack problem, it is known to be NP-hard
[8,11,14,18]. Furthermore, the model is neither total unimodular
[32], nor decomposable, therefore, an efficient algorithm should be
developed to solve this model, which is the aim of this section.

From an enterprise' viewpoint, the logistics management should
aim at minimizing cost or maximizing profit. To achieve this pur-
pose, the strategy is to choose the right number and right locations
of the facilities (e.g., manufactories, DCs, and dismantlers) to open.
Although this kind of problem can be formulated into an integer lin-
ear program, it cannot provide a good solution for large-scaled prob-
lems within a short time. This becomes severe when the software
programs use the Simplex-based algorithm with “exponential-time”
complexity.

Based on the reviewed literature, we can conclude that two ma-
jor shortcomings of the existing spanning-tree-based genetic algo-
rithm needed to be improved and revised for our purposes of so-
lution. The first is related to spanning-tree based encoding, and the
second is genetic operations. Fig. 3 shows the flow diagram of our
algorithm, and each state in the figure will be discussed in details
below.

In the following illustrations, reference to the superscript num-
bers in Fig. 3 (like a,b) will be followed.

4.1. Revised determinant encoding

The spanning-tree based encoding normally is used in an acyclic
problem. Although our problem lies in a cyclic logistics network, it
is divided into several spanning-trees based on encodings between
two consecutive stages which are not cyclic and the encoding is used
to present the network structure. Since the property of our problem
is not a real spanning-tree problem (we just use the encoding of
spanning tree), we can relax the rules of spanning-tree properties and
at the same time, improve the solution. The details of our encoding
process will be explained as follow:

In a multistage supply chain network problem, it can be easily
presented by a spanning tree. Fig. 4 shows the first two consecutive
stages which have been presented by the spanning tree between
suppliers and manufactories.

From the literatures, we have learned that both Prüfer and de-
terminant encoding can be used for the encodings of the spanning
tree problem in the framework of a GA. However, because the deter-
minant encoding is a simple node-based indirect encoding strategy
to overcome the bottlenecks of Prüfer encoding [1], we shall adopt
determinant encoding in our study.

4.1.1. The initial chromosome and determinate encoding (Fig. 3a)
The determinate encoding contains two parts: encoding and de-

coding.
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Fig. 3. The flow diagram of revised spanning-tree based GA.

Encoding:

Assume there are N nodes,

Step 1. Generate an N−1 length of determinate encoding;
Step 2. Use the random or heuristic method to set the codes. (The

random or heuristic method will be explained at the initial-
ization procedure below.)

Decoding:

The decoding algorithm treats each allele of the gene to corre-
spond to its position in the chromosome, and the position represents
its direct connecting node. The first gene is decoded as fixed-position
2, the second as fixed-position 3, and so on.

The procedure of determinate decoding process is as follows:

Step 1. Let C be the given determination string and l be its length. If
C(j) is the jth allele in chromosome and 1� j� l, the number
of the nodes in the given graph G is l+1, where a node is
denoted as node (x) and 1� x� l + 1.

Step 2. Set j = 1, if 0< j< l+1, go to Step 3, else Stop.
Step 3. Connect node (j+1) with node C(j), Set j = j+1, go back to

Step 2.

For example, let C = [3 4 2 5 8 5 3 9] represent a chromosome
coded by the determinant encoding. It implies that there are nine
nodes in the network corresponding to each fixed position [2 3 4 5
6 7 8 9] with the links (2,3), (3,4), (4,2), (5,5), (6,8), (7,5), (8,3) and
(9,9) in the tree. Each of the fixed corresponding position is equal
to the order of the gene plus one as shown in Fig. 5. The generated
tree may not be legal and need to be repaired by reallocating genes
at appropriate positions to generate a legal tree [5,33].

There are three `illegal' situations in the determinant encoding,
and we can find all cases in Fig. 5. The first concerns “cycling,” of
which nodes 2, 3, and 4 are connected with a cycle. This means that
a route starting from node 2 or 3 or 4 returns to itself and it will
make the spanning tree illegal. The second is related to “reflexivity.”
It means that the node connects to itself as nodes 5 and 9, and it also
makes the tree illegal. The last one is called “missing node 1,” and it
takes place when the chromosome does not contain node 1. Based
on our proposed determinate encoding, only the last problem of the
missing node 1 may happen in our problem, but it is comparatively
easy to solve and will be discussed later.

After choosing the encoding type, we can start GA by evaluating
the initial chromosome. Fig. 6 is an example of our chromosome
presentation.

There are two parts in a chromosome that we must consider.
Part 1 refers to the places that should be opened, and Part 2 is the
evaluation of the determinant encoding for setting up the flows.

Part I: Are the facilities open or not?

Step 1. Randomly make the 0–1 values for the first three digits (for
manufactories, distributions and dismantlers).

Step 2. Feasibility Test 1: If the total opened capacity satisfies the
total customer demand, then the code of part I is finished
and go to part II. Otherwise, go back to Step 1.

Part II: Determinant encoding for setting up the flows
We used a heuristic of revised determinant encoding to set up

the flows in our problem. Based on the assumption (b), the units
are restricted to flow only between different stages of the network.
In order to ensure feasibility of a substring in determinant encod-
ing, we should restrict the range of the encoding value. Using the
flows between I suppliers and J manufactories as an example, the
determinant encoding has N−1 chromosome length, with N nodes,
and there are I+J−1 genes in a chromosome between suppliers and
manufactories. For the first I−1 genes, let it be the number in be-
tween I+1 and I+J, and the last J genes be the number between 1 and
I. The cases of “reflexivity” and “cycling” will never occur provided
that the range of the encoding value is restricted to certain values.
Therefore, there is only one case which needs to deal with and is
the problem of “missing node 1”. “Missing node 1” in determinant
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Fig. 4. The solution presented by a spanning tree.

Fig. 5. Determinant encoding and the decoding process.

encoding will cause `illegal' case of the first node absent from our
code, so we must proceed validity test for it.

Validity test: In our problem, only without node 1 in the deter-
minant encoding is counted as illegal and needed to be repaired. As
the nodes correspond to the gene in the chromosome, the repair-
ing process is to test the nodes at the fixed positions with the costs
connecting to node 1, and the one with the minimum cost will be
replaced by node 1. Thus, missing node 1 problem is resolved.

After encoding, the initial chromosome can be obtained by ran-
dom and heuristic generation with the restrictions on the range of
the encoding value as below.
The initialization procedure:

We use two kinds of algorithms for setting determinate encoding:
one is to randomly set the genes by this process, and the other is a
heuristic method. Let �% of the population be randomly generated,
and (100−�)% of the population be heuristically generated.

1. By random generation: For the first �% chromosomes, we ran-
domly generate the value of the positions in the chromosome
but take into accounts of the restrictions on the range of the en-
coding value for each chromosome.

2. By heuristic generation: For the first (100−�)% percent chromo-
somes, we do the following steps. Let q = 2.

(a) The heuristic method begins from the qth fixed position in the
determinant encoding, of which the gene with the minimum
cost is allocated to this fixed position. If more than one of the
minimum points exists, any one will be arbitrarily chosen.

(b) Set q = q+1. If q � I+J (If it is in the first stage of I suppliers and
J manufacturers), then go to step 2(a); otherwise, stop.

In our research, the ratio for the use of heuristic setting and ran-
dom setting is 9:1 (�% = 10%) in the initial population. The heuristic

setting can effectively help us to find a good solution, and the random
setting is used to avoid optimum generated from local population.

In conclusion, although the determinant encoding is an indirect
encoding strategy, the decoding algorithm is very simple, and the
only thing needed to be aware is to repair the “missing node 1” [33].
This step described above not only repairs the illegal node; but by
connecting the node in the fixed position with a minimum cost, also
provides an opportunity to improve the solution. This is impossible
for Prüfer encoding.

4.1.2. The flows and cost of determinate encoding (Fig. 3b)
We generate a random number stream to determine the order of

flows and the details will be described by using the example between
suppliers and manufactories with a stream set up by the random
number between 1 and i+j−1.

Step 1. Use the random stream to determine which of the fixed po-
sitions will be chosen, then select the smaller capacity to be
the flow between the fixed positions and the corresponding
gene in the chromosome. This means that there is a need to
assign the available amount of units to xij = min{ai, bj}.

Step 2. Update the availability ai = ai − xij and bj = bj − xij.
Step 3. If there is no available amount of units to assign, then stop;

otherwise, there is a remaining supply of node r and demand
of node s, then add edge (r, s) to the tree and assign the
available amount of units xrs = min{ar , bs} to the edge.

Determinate encoding with n nodes will have (n−1) routings.
In other words, I suppliers and J manufactories have at the most
(I+J−1) connection lines. Although the total possible routing number
is I× J, the objective of the optimal cost saving will result in minimal
routing number. Based on the result, a spanning tree can be used to
present the logistics network and avoid unnecessary routings and
thus computation efficiency can be improved.

In a closed-loop supply chain, there are two kinds of systems,
push for reverse and pull for forward. In the beginning of our GA, we
must start from the push system to determine the reverse amounts,
and then we can know how much the suppliers should assign to the
manufactories in the pull system.

Push system: the reverse supply chain
The reverse logistics is a push system, and the flows are deter-

mined by the customers' recovered rates. Then starting from the DCs
and dismantlers stages, the location and allocation will be ended at
the manufactories and dismantlers stages.

Pull system: the forward supply chain
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Fig. 6. The chromosome in revised spanning-tree-based GA.

The forward logistics is a pull system, and the flows are deter-
mined by the customer demand. Then through DCs and customers,
the flows are allocated to the stages of manufactories and DCs ex-
change.

The stages of suppliers and manufactories have to be done after
the pull and push processes are implemented. The flows will be
evaluated at all stages, and the cost can be calculated by Eq. (1).

4.2. Genetic operations

Genetic operations are very important in genetic algorithms, and
we focused on the crossover and mutation method, crossover and
mutation rate, population size, fitness method or selection method,
and termination condition for discussion. Research on these issues is
enormous, and we adopt the one mostly commonly used in spanning
tree problems in the following illustrations:

Based on the works of Yao and Hsu [33], Chou et al. [5], and
Booker [22], the proper methods of crossover and mutation types
for spanning tree problems are two-point crossover and exchange
mutation.

The two-point crossover (Fig. 3c):

(1) Generates two random positions; head and tail.
(2) The alleles of the first chromosome from the head position to

the tail are exchanged with the second chromosome in the same
range.

The method of exchange mutation (Fig. 3d):

(1) Randomly selects two positions in a given chromosome.
(2) Exchanges both genes from these two random positions.

In order to make sure the feasibility after applying a crossover or
mutation, we also used a sample heuristic here which can be referred
to Appendix A.

From the experiments of Syarif et al. [30], the crossover rate is
suggested to be 0.4, the mutation rate is equal to 0.2, and the pop-
ulation size is set to 100. For the population size, we will especially
discuss the influence when the problem size increases in our nu-
merical examples in the next section.

The selection method in Fig. 3e adopts the (� + 	) method sug-
gested by Chou et al. [5], of which � parents and 	 off springs com-
pete for survival, and the � best solutions are selected for the next
generation.

Several termination conditions are established from number of
generations, computing time, and fitness convergence. Fitness con-
vergence occurs when all the chromosomes in the population have
the same fitness value. In this study, fitness convergence is selected
as the termination criterion. Namely, we stop the evolutionary pro-
cess in GA when the best chromosome on hand was not improved
in the last 10 generations. Simultaneously, if the number of genera-
tions is greater than 750, we also stop the algorithms.

4.3. Summary of the proposed algorithm

Based on the above description, we use revised determinate en-
coding with heuristic initial population to overcome the bottlenecks
of Prüfer encoding in a spanning-tree-based GA, and determine the
cost and flows from reverse to forward logistics. By applying two-
point crossover and exchange mutation with the (� + 	) selection
method, we can achieve better generation. This process repeats un-
til the termination condition is satisfied. This revised algorithm can
obtain better feasible solution in terms of high efficiency and rea-
sonable accuracy. This evidence can be supported from the follow-
ing examples when the comparison is done with optimization algo-
rithms of LINGO 8.0 and CPLEX 7.0.

5. Evaluation of the algorithm

To test the accuracy and efficiency of the proposed algorithm,
previous example was adopted as a base for comparison. To test the
efficiency, different sizes of the test problems were used through
doubling the numbers of the nodes at each stage as shown in
Table 5; and running 30 times for each problem. A total of 150
experiments were executed by our algorithm. The results were
compared with ILOG-CPLEX. These experiments were all done by a
PC with Intel� Pentium� M processor 1.86GHz, 1.0G RAM.

The test problem 1 is the illustrative example above of which
I = 3, J = 5, K = 3, L = 4 and M = 2. In test problem 2, I = 6, J = 10,
K = 6, L = 8 and M = 4, there are 82 constraints, and 304 variables
(including 20 binary variables), and optimal solution is 58306 by
LINGO. In test problem 3, I = 12, J = 20, K = 12, L = 16 and M = 8,
there are 164 constraints, and 1168 variables (including 40 binary
variables). The problem size increased to 328 constraints and 4576
variables in problem 4, and problem 5 reaches to 656 constraints
and 18112 variables. We can observe that the size of the problem
increased immensely.

5.1. Preliminary evaluation

To evaluate the efficiency and accuracy of our algorithm, LINGO
was first adopted for these purposes as it is the most commonly used
software. The results are shown in Table 6. For Test Problem 3, af-
ter 109 iterations and 20min(s) of elapsed runtime, LINGO failed to
obtain the final solution, and so did test problem 4. For the problem
5, LINGO failed to find a feasible solution before 35min, and after
40min, a feasible solution was found. With our revised spanning-
tree-based GA, two cases were considered: one was done with same
population size of 100 for five test problems regardless of the prob-
lem size, and the other was done by increasing the population size
with the problem size in order to obtain more accurate results.
Table 6 summarizes the test results.

From Table 6, it can be observed that LINGO fails to solve such
kind of large-scale problems, whereas our algorithm is capable of
doing so. Besides, with our algorithm, increasing the population size
with problem size only improved slight accuracy of the problem, yet
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Table 5
The size of test problems.

Test problems Suppliers Manufactories DCs Customers Dismantlers pdk (%) pcl (%) plm (%) �

1 3 5 3 4 2 10 10 10 5
2 6 10 6 8 4 10 10 10 5
3 12 20 12 16 8 10 10 10 5
4 24 40 24 32 16 10 10 10 5
5 48 80 48 64 32 10 10 10 5

Table 6
Problem size with the same and different population sizes.

30 Times each problems Test problem

1 2 3 4 5

LINGO Optimal (US$) 29848 58306 114805 (feasible
solution)

231136 (feasible
solution)

464373 (feasible
solution)

Time (s) 6 13 > 1200 > 1200 > 2400

Revised ST-GA Min_cost (US$) 29848 58368 115866 235309 469089
(population size = 100) [deviation] [0] [62] [1061] [4173] [4716]

Ave_cost (US$) 29966.8 58999.6 117524.9 237820 470310
Ave_time (s) 2.04 6.35 22.49 72.74 356.28
[percentage of time] [34%] [48.85%] [ < 3.74%]

Revised ST-GA (population size
increase with problem size)

Pop_size 50 100 200 400 400

Min_cost (US$) 29848 58368 114926 233546 463956
[deviation] [0] [62] [121] [2410] [−417]
Ave_cost (US$) 29986.1 58831.9 116184.9 236940 466776
Ave_time (s) 1.12 6.84 63.09 464.31 2324.42
[percentage of time] [18.67%] [52.62%] [ < 10.52%]

Deviation = ST-GA Min_cost–LINGO optimal.

Percentage of time = ST-GA Ave_time/LINGO time.

requires large computation time. Therefore, we do not have to use
large population size to implement our algorithm as the problem
size increases.

5.2. Advanced evaluation

While LINGO cannot solve large-scale problems with its branch-
and-bound method; CPLEX is considered to be more efficient by
branch-and-cut method, and thus was adopted for further experi-
ments. The comparisons of our algorithm and CPLEX with error rates
are shown in Table 7, of which the values in boldface are the best
solutions.

In Table 7, we can see that although the CPLEX software is more
efficient, it still cannot find the optimal solution in large problems. To
evaluate accuracy, the error rates of our revised ST-GAwith respect to
the optimal solutions or out-of-memory feasible solutions obtained
from CPLEX are less than about 1%. In test problem 5, although the
operation time is higher, but we can even get a better result than
CPLEX.

With regard to efficiency, because tests 4 and 5 ran out of memory
earlier than test 3, we normalized run time with respect to the CPLEX
time of test 3 in percentage. Fig. 7 shows the results of the evaluation:
the left diagram shows the error rate of the revised ST-GA and the
transformed time percentage of the revised ST-GA and CPLEX; the
right diagram is an estimated situation for test 4 compared with tests
1, 2 and 3. From this evaluation, it is evident that even though the
problem sizes were large, our algorithm showed a smaller error rate
and less operation time than CPLEX. Therefore, the revised ST-GA can
provide sufficiently accurate solutionswith the efficient computation
time for our closed-loop logistics problem.

In the previous experiments, we increased the population size in
order to obtain a solution that is near-optimal or a feasible solution
when out of memory incurred by the adopted software. However,
increasing the population size rapidly increases operation time. The
error rates of tests 3, 4 and 5 without increasing population size
are shown in Table 8. The results showed that the error rates of
population size increased a little, but the average operation time(s)
decreased substantially without increasing population size. We can
make the process more efficient and just sacrifice accuracy slightly
when a population size equal to 100 is used. This facilitates real
problem applications. For example, if an error is 2% is acceptable
by a manager, then we may choose the population size of 100 for
finding solution.

5.3. Discussion and summary

In order to investigate the influence of the problem structures on
the solution performance, we further generated two test problems.
That is, (1), 20 suppliers, 15 manufactories, 12 DCs, 50 customers
and 5 dismantlers, and (2) 10 suppliers, 6 manufactories, 8 DCs, 100
customers and 5 dismantlers, respectively. These two test problems
have 1852 variables and 1802 variables, respectively.

As LINGO cannot solve them, comparison with CPLEX is done
and shown in Table 9. It can be seen that at the first test problem
of 1852 variables, our algorithm obtains optimal solution. The error
rate of our algorithm with the second test problem is less than 0.1%.
However, the run times of both problems are less than that of CPLEX.
From these additional experiments, we may confirm the accuracy
and efficiency of the proposed algorithm.
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Table 7
Comparisons of CPLEX and the revised ST-GA.

Problem ILOG-CPLEX Revised ST-GA

Min_cost (Ave) Ave_time (s) Ave_time (s) Min_cost (Ave)
[error rate]

Test1 29848 0.05 1.12 29848
(82 variables) (29986.1)
(pop_size = 50) [0%]
Test2 58306 0.98 6.84 58368
(304 variables) (58831.9)
(pop_size = 100) [0.106%]
Test3 114803 > 3923.8 63.09 114926
(1168 variables) (feasible solution) (Out of memory) (116184.9)
(pop_size = 200) [0.107%]
Test4 231120 > 983.13 464.31 233546
(4576 variables) (feasible solution) (Out of memory) (236940)
(pop_size = 400) [1.05%]
Test5 463958 > 927.88 2324.42 463956
(18112 variables) (feasible solution) (Out of memory) (466776)
(pop_size = 400) [—-]

Error rate = (GA−(CPLEX optimal or feasible solution when out of memory))/(CPLEX optimal or feasible solution when out of memory).
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Fig. 7. Comparisons of error rate and time by percentage.

Table 8
The error rates of equal and different population sizes in tests 3 and 4.

Problem Revised ST-GA (population size = 100) Revised ST-GA (population size increase with problem size)

Error rate (%) Ave_time Error rate (%) Ave_time

Test 3 0.926 22.49 0.107 63.09
Test 4 1.812 72.74 1.05 464.31
Test 5 1.11 356.28 0 2324.42

Furthermore, from our experiments, we have observed that al-
though a larger population size can improve the solution, it consumes
huge computation time. The “trade-off” between these is to find a
suitable population size in the consideration of the error rate and

time. Therefore, if we set the acceptable error rate in advance, the
respective population size can be determined. In our experiments,
2% of the acceptable error rate was assumed, and thus the popula-
tion size of 100 was used. In reality, to control the error and make
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Table 9
Different problem structures compare between CPLEX and the revised ST-GA.

Problem ILOG-CPLEX Revised ST-GA

Min_cost (Ave) Ave_time (s) Min_cost (Ave) [error rate] Ave_time (s)

(1) 136178 30.05 136178 22.6
(1852 variables) (137326.8)
(pop_size = 150) [0%]
(2) 554713 45.98 554809 36.33
(1802 variables) (555264.3)
(pop_size = 150) [0.0173%]

Error rate = (GA−(CPLEX optimal or feasible solution when out of memory))/(CPLEX optimal or feasible solution when out of memory).

an effective decision are the most important concerns of a company,
which can then be achieved by setting a suitable population size
under a required accuracy using our algorithm.

In summary, the proposed revised spanning-tree based GA has
demonstrated its performance in terms of both accuracy and effi-
ciency.

6. Conclusion and future studies

Based on green issues, closed-loop logistics have become more
and more important in recent years, and their resolution technolo-
gies have been critical for production companies. The reduction
of primary resource use, pollution prevention, waste management,
and policies governing sustainable products have thus become the
focuses of modern industrial societies and environmental policies.
Closed-loop logistics is one of the most essential keys in relation to
the cost incurred by companies.

Since every part of the mentioned issues is related to the overall
logistics in a product life-cycle system, closed-loop logistics with its
overall cost has become an urgent concern for companies in their
supply-demand chain management. Closed-loop supply chain man-
agement was then studied to integrate conventional forward logis-
tics with reversed logistics. Although there have been some results
in the literature, the lack of realistic features has drawn our atten-
tion to this study.

Based on the properties of closed-loop logistics that include both
forward and reverse logistics, in this study, we have proposed a
mathematical programming model for general applications. To re-
tain the integral properties, the model was formulated with Gaussian
symbols that are not algebraically computable. Therefore, a trans-
formation procedure was proposed to convert the model into an in-
teger linear programming model with additional 2M decision vari-
ables and M constraints. Although the transformed model facilitates
analytical solutions, due to its NP property, the size often becomes
too large and complicate to solve. GA is a heuristic algorithm. By ap-
propriate design, it is capable of solving this kind of problem even
without transformation.

Therefore, based on a determinant encoding approach, an efficient
algorithm was proposed to revise the existing spanning-tree based
genetic algorithm. The algorithm has been evaluated and compared
with LINGO and CPLEX for its accuracy, capability, and efficiency. The
results showed that the proposed algorithm is able to find a good
solution efficiently for a closed-loop logistics.

For the future research, the uncertainty embedded in demand
and recovery rates should be examined in a more analytical way to
facilitate practical applications.
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Appendix A. The heuristic to ensure the feasibility after crossover
and mutation

Assumption (b) limited flows must exist between different
stages without generality of infeasibility and illegal situations. Sim-
ilar, Crossover and Mutation must be hold by restriction condition.
We use I+J−1 genes in a chromosome between I suppliers and J
manufactories for an example.

(Two-point crossover)

Step 1. Random selected a “head”.
Step 2. Judge the position of the “head”. If the head is in the first

I−1 genes, then go to step 3. Else if the head is in the last J
genes, then go to step 4.

Step 3. Random select a “tail” in the first I−1 genes.
Step 4. Random select a “tail” in the last J genes.

(Exchange mutation)

Step 1. Random selected the first position.
Step 2. Judge the location of the first position. If the first location

is in the first I-1 genes, then go to step 3. Else if the first
position is in the last J genes, then go to step 4.

Step 3. Random select the second position in the first I-1 genes.
Step 4. Random select the second position in the last J genes.
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