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Abstract. Traditionally, product returns have been viewed as an unavoidable cost of distribution systems. As
cost pressure continues to mount because of the competitive markets with the development of economy, some
scholars and logisticians have begun to explore the possibility of managing product returns in a more cost-
efficient manner. However, up to now there are few studies to address the problem of determining the number
and location of centralized product return centers where returned products from retailers or end-customers
are collected for manufacturers’ or distributors’ repair facilities while considering the distribution system. To
fill the void in such a line of research, this paper proposes a nonlinear mixed-integer programming model
and a genetic algorithm that can solve the distribution problem with uncertain demands and product returns
simultaneously. Compared with a partly enumeration method, the numerical analysis shows the effectiveness
of the proposed model and its genetic algorithm approach.
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1 Introduction

The goal of manufacturing companies is to ship goods through their plants, distribution centers to their
customers. This movement of goods most often means a profit to all involved. These same companies, how-
ever, do not want products to be returned for any reason. They do not plan for the backward movement or
return of goods, known as reverse logistics, as these returns represent a substantial cost rather than a profit.
Traditionally, some managers even perceive returned goods as a failure of their distribution system[2].

Reverse logistics is actually very involved in modern industry in the distribution activities such as prod-
uct returns, source reduction/conservation, recycling, substitution, reuse, disposal, refurbishment, repair and
remanufacturing[13]. Over the last decade, reverse logistics has had a significant economic impact on indus-
try as well as society. This impact can be seen either as detrimental to a company, and thus avoided, or as
a competitive advantage with potential for capturing market share. Companies that receive items back from
the customer who try to hide from the significance of reverse logistics miss profit-making opportunities. On
the other hand, companies that use reverse logistics as an opportunity for enhanced business will prosper by
maintaining customer support, the ultimate issue for profitability[8].

Typically, a product return involves the collection of returned products at designated regional distribution
centers of retail outlets, the transfer and consolidation of returned products at centralized return centers, the
asset recovery of returned products through repairs, refurbishing, and remanufacturing, and the disposal of
returned products with no commercial value. Rogers and Tibben-Lembke[12] and Gooley[6] both emphasized
the importance of centralized returns centers. The product return process entails the determination of the
number and location of initial collection points for returned products and the location/allocation of centralized
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return centers in such a way that total reverse logistics costs (e.g., inventory carrying and transportation costs)
are minimized, capacity of initial collection points and centralized return centers are fully utilized, and the
convenience of customers who return products is maximized.

By nature, the product return process is more complicated than forward logistics operations due to the
presence of multiple reverse distribution channels (direct return to manufacturers versus indirect return to re-
gional collection points or centralized return centers), individualized returns with small quantities, extended
order cycles associated with product exchanges, and a variety of disposition options (e.g., repair versus liqui-
dation). Fig. 1 gives out a simple description of such a distribution system.

Fig. 1. Illustration of a distribution system with reverse logistics

Guiltinan and Nwokoye provided one of the first analysis of reverse distribution networks, identifying
four major types of reverse channels according to the actors involved[7]. Pohlen and Farris claim that the
reverse channel may take several different forms depending on individual channel members’ functions and
ability to perform recycling or remanufacturing tasks[11]. A major issue in reverse distribution systems is the
question if and how forward and reverse channels should be integrated.

Several authors have proposed modifications of traditional facility location models for the design of
reverse distribution networks[10]. One special characteristic to be taken into account is the convergent structure
of the network from many sources to few demand points[5]. By contrast, traditional location models typically
consider a divergent network structure from few sources to many demand points. Another particularity of
reverse distribution networks is their high degree of uncertainty in supply both in terms of quantity and quality
of used products returned by the consumers. Both are important determinants for a suitable network structure
since, e.g., high quality products may justify higher transportation costs (and thus a more centralized network
structure), whereas extensive transportation of low value products is uneconomical[4].

Actually, there are very few models treating forward and reverse distribution simultaneously. It is neces-
sary to consider location of joint facilities for both networks and an additional cost component representing
collection and return handling that are needed to add to the transportation costs. Recently, Min et. al. proposed
a mathematical model and its solution procedure that can optimally create the reverse logistics network link-
ing initial collection points, centralized product return centers, and manufacturing facilities, which deal with
both forward and reverse product flows[9]. But the location/allocation decisions regarding the initial collection
points and centralized product return centers only cope with the success and failure of reverse logistics oper-
ations on the assumption of deterministic product demand and returned products. Obviously, it is not always
the case in practice for the reverse logistics network.

Based on the research work of Min et. al., this paper develops a nonlinear mixed-integer programming
model to solve the reverse logistics problem involving product returns with uncertain demand and return prod-
ucts. As it is an NP-hard problem, a genetic algorithms approach is proposed to determine the number and
location of centralized product return centers (i.e., reverse consolidation points) where returned products from
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retailers or end-customers could be collected, sorted, and consolidated into a large shipment destined for man-
ufacturers’ or distributors’ repair facilities. Numerical analysis shows the effectiveness of the proposed method
to deal with such a kind of complicated problem compared with a designed partly enumeration method.

2 Modeling formulation

Prior to developing a nonlinear mixed-integer programming model for the design of a distribution system
with uncertain demand and return products, we make the following assumptions and simplifications:

(1) The warehouse (or distribution center, or D.C.) in the forward distribution channel can be used as a
return center in the reverse distribution channel;

(2) The customer demand is uncertain but following the pattern of either normal or uniform probability
distribution;

(3) The volume of products returned from customer is uncertain but may be proportional to the customer
demand;

(4) All returned products should be transshipped to the return center, unless the volume of returned
products surpasses the given capacity of a return center. The surplus of returned products that cannot be
refurbished at the return center should be shipped directly to the manufacturing plant (i.e., original equipment
manufacturer);

(5) All customer locations are known and fixed a priori.

2.1 Model parameters

W = {1, 2, . . . , NW} : set of return centers;
C = {1, 2, . . . , NC} : set of customer locations;
fwi : fixed cost of establishing distribution center i;
uwi : unit variable cost associated with the maintenance and operation of D.C. i;
MAX DEMANDi : maximum demand that D.C. i can accommodate;
fri : fixed cost of establishing return center i;
uri : unit variable cost associated with the maintenance and operation of return center i;
MAX RETURNi : maximum product returns that return center i can accommodate;
wi : cost saving resultant from the use of D.C. i as a return center;
pf

ij : unit shipment cost from D.C. i to customer j;
pr

ji : unit shipment cost from customer j to return center i;
pf

ij = pr
ji = a + bLij : where Lij is the distance from return center i to customer j;

Df
j : demand of customer j under the uniform probability distribution denoted as U[Df

j min,Df
j max];

Dr
j : volume of returned products from customer j, Drj = αDfj ;

usi : unit inventory carrying cost resultant from the excess supply of product at D.C. i

uci : unit opportunity cost resultant from the shortage of products when the volume of products from
D.C. i to customer is less than actual customer orders;

uai : unit in-transit inventory carrying cost for the surplus of returned products at the return center i .

2.2 Decision variables

Ri : space of returned center i to be secured;

Yi =
{

1, if D.C. is established at site i
0, otherwise

;

Zi =
{

1, if return center is established at site i
0, otherwise

;

xf
ij =

{
1, if D.C. i supplies products to customer j
0, otherwise

;
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xr
ij =

{
1, if all returned products of customer j are transshipped to return center i
0, otherwise

;

fij : volume of products shipped from D.C. i to customer j.

2.3 Mathematical formulation

min
∑

i∈W


fw + uw

∑

j∈C

(
xf

ijfij

)

 Yi +

∑
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 (1)

s.t.
∑

j∈C

(
xf

ijfij

)
≤ MAX DEMAND · Yi (i ∈ W ) (2)

Ri ≤ MAX REPAIR · Zi (i ∈ W ) (3)∑

i∈W

xf
ij = 1 (j ∈ C) (4)

∑

i∈W

xr
ij = 1 (j ∈ C) (5)

fij , Ri ≥ 0 (i ∈ W, j ∈ C) (6)

xf
ij , x

r
ij , Yi, Zi = 0 or 1 (i ∈ W ). (7)

The objective function (1) minimizes total costs which are comprised of maintaining cost of distribution
centers and returned centers, shipping cost of forward logistics and reverse logistics, processing cost of those
exceeded products to customers, chance loss cost of those shortage products, and processing cost of those
exceeded return products. E[•] represents the expected value projected from the stochastic (random) nature
of customer demand and product returns. Constraint (2) assures that the total volume of products shipped to
customers cannot exceed the maximum capacity of a D.C. serving them. Similarly, constraint (3) assures that
the total volume of returned products cannot exceed the maximum capacity of a return center. Constraint (4)
guarantees that each customer is allocated to one of D.C.s. Constraint (5) guarantees that returned products
of each customer are transshipped to one of return centers. Constraint (6) preserves the non-negativity integer
restriction of decision variables, fij and Ri. Constraint (7) ensures that xf

ij , xr
ij , Yi and Zi are zero-one decision

variables.
Formulation (1)-(7) is a nonlinear mixed-integer programming. Up to now there are no effective algo-

rithms to deal with this kind of NP-hard problem. Usually it is approached by some heuristic algorithms to
obtain an approximate solution. Genetic algorithms can be understood as an “intelligent” probabilistic search
algorithm which is effective on such kind of complicated distribution system optimization problems[3][14][15].
Therefore, a hybrid genetic algorithm approach is developed with a local search mechanism to give out an
optimal or near optimal solution of the problem.
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3 Genetic algorithm approach

3.1 Genetic representation

The design of a suitable chromosome is the first step for a successful GA implementation because it ap-
plies probabilistic transition rule on each chromosome to create a population of chromosomes, representing a
good candidate solution. Fig. 2 illustrates the genetic representation of a distribution system with m alternative
return centers and n customers.

Fig. 2. An illustration of the genetic representation

The genetic representation of the problem’s solution can be divided into four segments. In the first seg-
ment, genes ranging from 1 to m represent the processing capacity of the corresponding return center, with
possible values from 0 to MAX REPAIR. In the second segment, genes ranging from m+1 to m + n represent
which D.C. is allocated to the customer in sequence. In the third segment, genes ranging from m + n+1 to
m+2n encode the volume of products transshipped from the corresponding distribution center (decided in the
second segment) to the customer in sequence. In the fourth segment, genes ranging from m+2n+1 to m+3n
represent which return center processes the return-products from the customer in sequence. To enhance the
feasibility of the encoded solutions, let Rj = 0, if number j did not exist in the fourth segment.

3.2 Genetic operations

Genetic operations are used to alter the genetic composition of chromosomes or individuals. For the
above genetic representation, both crossover and mutation operations are adopted to make the exploration and
exploitation searching in the evolutionary process.

Crossover operation: Crossover operated on two chromosomes at a time and generated offspring by
combining both chromosomes’ features. In particular, one-point crossover was used to improve all individuals
in each generation. Fig.3 illustrates the process of this crossover operation.

Mutation operation: After recombination, some children undergo mutation. Mutation operates by in-
verting each bit in the solution with some small probability, usually from zero percent to 10 percent. The
rationale is to provide a small amount of randomness, and to prevent solutions from being trapped at a local
optimum. In the GA used for this work, one-point mutation was operated on it as shown in Fig. 4.

Fig. 3. An illustration of one-point crossover operation
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Fig. 4. An illustration of perturbation mutation operation

3.3 Local optimization

It has been commonly accepted that a hybrid genetic algorithm (HGA) is better than a simple genetic
algorithm (SGA) in exploiting optima even if it may spend much time to converge to the best solution. Ac-
cording to the characteristics of the genetic representation adopted in the hybrid genetic algorithm, this paper
adopts the following methods to perform the local exploitation.

(1) Adjust fsi (volume of products shipped from the D.C. to customer i)
With the change of fsi, operating cost of D.C, ship cost of forward transportation, storage cost for surplus

products and opportunity cost for out of stock will change. To quantify the change, we define

g1 (fij) =uw · fij + pf
ijfij

+


ua

fij∑

Dfj=Dfmin
j

(fij −Dfj) + uc

Dfmax
j∑

Dfj=fij

(Dfj − fij)




/
(
Dfmax

j −Dfmin
j + 1

)
. (8)

The condition that g1 (fij) reaches the minimum is

g1 (fij + 1)− g1 (fij) ≥ 0 and g1 (fij − 1)− g1 (fij) ≥ 0.

To solve the above equations, we have

fij ≥
uc ·Dfmax

j + ua ·Dfmin
j − ua−

(
uw + pf

ij

)(
Dfmax

j −Dfmin
j + 1

)

ua + uc
(9)

and

fij ≤
uc ·Dfmax

j + ua ·Dfmin
j + uc−

(
uw + pf

ij

)(
Dfmax

j −Dfmin
j + 1

)

ua + uc
. (10)

Therefore, if

uc ·Dfmax
j + ua ·Dfmin

j + uc−
(
uw + pf

ij

)(
Dfmax

j −Dfmin
j + 1

)

ua + uc
≥ 0,

let

fij =

uc ·Dfmax
j + ua ·Dfmin

j + uc−
(
uw + pf

ij

)(
Dfmax

j −Dfmin
j + 1

)

ua + uc

 ,

where bxc represents the maximum integer which is not larger than x; otherwise, let fij = 0. As a result, the
total cost converges to a local optimum, but the feasibility of solution may be destroyed as increasing the
volume of outbound products leads to exceed the given capacity.

(2) Adjust Ri (space of returned center i to be secured)
The adjustment of Ri will effect the running cost and other cost caused by the volume of return products

exceeding the space of returned center i to be secured. As the strategy in (1), we define
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g2 (Ri) = ur ·Ri +
ua

Drmax
i −Drmin

i + 1

Drmax
i∑

Dri=Ri

(Dri −Ri), (11)

where, Drmax
i , Drmin

i denote the upper limit and the lower limit of the total return products received by return
center i, respectively.

The condition that g2 (Ri) reaches the minimum is

g2 (Ri + 1)− g2 (Ri) ≥ 0 and g2 (Ri − 1)− g2 (Ri) ≥ 0.

To solve the above equation, we have

Ri ≥ Drmax
i − ur

ua

(
Drmax

i −Drmin
i + 1

)
(12)

and

Ri ≤ Drmax
i − ur

ua

(
Drmax

i −Drmin
i + 1

)
+ 1. (13)

Therefore, if 0≤ Drmax
i − ur

ua

(
Drmax

i −Drmin
i + 1

)
+ 1 ≤MAX REPAIR, let Ri =⌊

Drmax
i − ur

ua

(
Drmax

i −Drmin
i + 1

)
+ 1

⌋
; if Drmax

i − ur
ua

(
Drmax

i −Drmin
i + 1

)
+ 1 > MAX REPAIR,

let Ri=MAX REPAIR; otherwise, Drmax
i − ur

ua

(
Drmax

i −Drmin
i + 1

)
+ 1 < 0, let Ri=0. Obviously, this

adjustment wouldn’t change the feasibility of the solution.

3.4 Modifications

Individuals generated in the initial population or in the genetic operations are not necessarily feasible.
The genetic representation scheme ensures that all constraints but constraint (2) are automatically satisfied.
So, if and only if outbound products destined for customers exceeded the given capacity of a D.C., individuals
may create infeasibility. To modify the infeasible individual, we can use the following modification strategy.

Step 1. For an infeasible individual, find the next D.C. of which outbound products exceeded the given
capacity (i.e. D.C. i). If all D.C.s are checked, go to Step 5.

Step 2. Find the next unchecked D.C. of which outbound products didn’t exceed the given capacity (i.e.
D.C. k). If all D.C.s are checked, go back to Step 1.

Step 3. Find the next customer of D.C. i (i.e. Customer j). If all customers are checked, go back to Step
2.

Step 4. If the total volume of D.C. k’s outbound products and products shipped from D.C. i to customer
j doesn’t exceed the given capacity, modify the supplier of Customer j; else go back to Step 3.

Step 5. The end.

3.5 Evaluation

Evaluation begins with an association of each individual (solution) with a fitness value, which reflects
the goodness of an individual. The larger the fitness value of an individual, the higher its chances of survival
and reproduction and the larger its representation in the subsequent generation would be. Put it simply, we
regarded the objective value in Equation (1) as each individual’s fitness value after decoding from its genetic
representation. To keep feasible individuals in the evolutionary process, the fitness value for the kth individual
vk is calculated as eval(vk) = TC(vk)×(1+aM), where TC(vk) is the total cost, a denotes the number of
broken restrictions, and M is a penalty factor for those infeasible individuals (M > 0). In equation (1), the
first four items can be calculated directly. However, the expected values of three single random variables in
the 5th to 7th item of equation (1) were regarded as costs. For the remaining last items, we used the Monte
Carlo simulation method to calculate the expected values of multiple random variables.
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3.6 Selection

For selection, we adopted the (µ + λ) selection strategyproposed by Bäck and Hoffmesiter[1]. Herein, µ
and λ represent the number of parents and offspring, respectively. Both µ and λ constitute the evolving pool
in the current generation and compete for survival. To avoid the premature convergence of the evolutionary
process, our selection strategy selects µ different best individuals only from this evolving pool. If there is no
µ different individual available, the vacant pool of population is filled with renewed individuals.

3.7 Overall algorithm procedure

The overall solution procedure of the proposed GA is outlined below:
Initialization();
Population(POP SIZE);
for(gen=1; gen<=MAX GEN; gen++)
{
CrossOver();
Mutation();
Climbing();
Modification();
Selection();
}
Output();

4 Algorithm testing

The proposed HGA coded in VC++ was tested using the randomly generated example with 10 alter-
native sites for return centers serving 25 customers. The computational experiments were undertaken on a
Pentium IV PC with 128M of memory. In the example, the coordinate points of all candidate sites were ran-
domly generated in area 150×150. The maximum demands and the minimum demands of all customers were
randomly generated in Set {100, 110, 120, . . . , 480, 490, 500}. GA parameters were simulated and set as
follows: population size = 100, maximum number of generations = 200, crossover rate = 0.8, mutation rate =
0.1, penalty factor M = 0.5, random number in Monte Carlo simulation is 1000. All other parameters in the
model were set: a = $0.5, b =$0.1/unit, fw = $6000, uw = $100/unit, MAX DEMAND =3000units, fr = $2000,
ur = $200/unit, MAX REPAIR = 1000units, wr = $1000, us = $100/unit, uc = $500/unit, ua = $500/unit

Through a total of 20 experimental trials, we generated 20 alternative solutions in 1758 seconds of CPU
time as shown in Fig. 5. The trial results yield the average total cost of $1,315,945.00, while total cost ranges
from the highest total cost of $1,324,541.13 to the lowest total cost of $1,308,954.00. Fig. 6 shows the best
fitness values at each generation as a function of the number of generations.

Fig. 5. A summary of 20 trial runs Fig. 6. The convergence of fitness values

To reveal the effect of the key parameters (i.e., population size and the maximum number of generations)
of the proposed HGA on model solutions, we experimented the model with several different sets of parameters.
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The sensitivity analysis of crossover rate and mutation rate (Fig. 7) shows that if crossover rate is larger than
zero, it does not affect the model solution significantly; if mutation rate is near 0.1, the solution is better than
others. Table 1 and Fig. 8 show that the HGA 20 with different combinations of the population size and the
maximum number of generations generates either identical or nearly-identical results.

Fig. 7. The sensitivity of crossover rates and mutation
rates

Fig. 8. The sensitivity of population size and maximum
number of generations

Table 1. A sensitivity to changes of the population size and the maximum number of generations
XXXXXXXXXXPop Size

Max Generation 100 200 300 400 500
Cost Time Cost Time Cost Time Cost Time Cost Time

100 1314665.38 45 1310613.75 90 1309740.88 135 1310303.25 181 1307808.00 228
200 1311805.13 96 1307561.63 226 1305993.38 326 1305544.00 399 1303142.25 488
300 1314090.88 156 1307525.00 321 1302597.63 469 1307050.88 625 1302276.50 760
400 1308623.50 206 1304265.25 425 1305022.50 673 1303469.63 858 1302367.25 1079
500 1307857.00 275 1305969.13 593 1303307.00 900 1302842.88 1139 1305274.38 1519

To further verify the efficiency of the proposed HGA, we experimented the model on ten randomly
generated examples with HGA and SGA. The comparative results are summarized in Table 2. Although SGA
was more computationally efficient than HGA. With the increase in scale, HGA produced better solutions
with the improvement ranged from 0.917% to 4.029%. Also, HGA’s running time was faster than that of
SGA. What’s more, the solutions of HGA was more stable than those of SGA.

5 Concluding remarks and future research directions

In practice, the distribution system is often characterized by the unpredictable, random nature of cus-
tomer demands and product returns. Driven by this viewpoint, this paper develops a nonlinear mixed-integer
programming model to design an distribution system coping with challenging reverse logistics issues. Con-
sidering the complexity inherent in a non-linear mixed-integer programming framework, we proposed a HGA
that was designed to find a minimum total cost solution involving uncertain demand and products returns. A
series of computational experiments verified that the proposed HGA was efficient in obtaining a near- optimal
solution for the distribution system problem belonging to a class of NP-hard problems. This paper is one of the
first to tackle the reverse logistics distribution system problem with uncertain customer demands and product
returns. Despite the proven merits of the proposed formulation and algorithm, further research work needs to
be done. The examples of such work include:

(1) The proposed GA can be extended to accommodate complications resulting from the distribution
flows of multiple commodities. Some of these commodities may share transportation and warehousing capac-
ities with other commodities.
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Table 2. A comparison between HGA and SGA

No. NW NC

Total Cost Running Time
SGA HGA Improve

(%)
SGA
(Sec.)

HGA
(Sec.)

Efficiency
(%)Min

($)
Max
($)

Range
(%)

Min
($)

Max
($)

Range
(%)

1 3 5 252091.73 256922.44 1.902 249800.67 254127.14 1.726 0.917 21.00 22.05 −4.762
2 4 10 567381.38 574446.50 1.236 564066.13 567257.69 0.565 0.588 36.05 36.90 −2.304
3 5 15 824136.63 831983.06 0.947 812831.31 824519.81 1.432 1.391 51.80 53.05 −2.356
4 6 20 1141014.25 1153352.88 1.075 1120005.13 1128759.00 0.779 1.876 67.50 68.80 −1.890
5 7 25 1507363.38 1521038.63 0.903 1476029.00 1486949.50 0.738 2.123 86.30 86.70 −0.461
6 8 30 1458795.63 1476982.38 1.238 1422339.13 1430446.00 0.568 2.563 98.05 98.95 −0.910
7 9 35 1964071.88 1994738.88 1.549 1903471.38 1911747.75 0.434 3.184 114.85 116.65 −1.543
8 10 40 2221706.75 2256072.25 1.535 2153745.00 2163769.00 0.464 3.156 132.65 133.20 −0.413
9 11 45 2510286.50 2540850.75 1.210 2418048.25 2435757.00 0.730 3.815 145.85 147.70 −1.253

10 12 50 2829342.50 2875814.25 1.628 2719751.75 2734766.50 0.550 4.029 163.05 163.85 −0.488
Note: 1. Range = ( Max - Min ) / Averge ×100%

2. Improve = ( 1 – Min HGA / Min GA ) ×100%
3. Efficiency = ( 1 – Running Time HGA / Running Time GA ) ×100%

(2) Future research endeavors should tackle the multi-echelon, closed-loop supply chain problem with
more than on-tier of warehouses such as central and regional warehouses and a combination of collection
points and centralized return centers.

(3) The comparisons of GA to other heuristics such as Tabu search or simulated annealing methods are
worth investigating in the future.
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