
Chinese Journal of Chemical Engineering 23 (2015) 1475–1483

Contents lists available at ScienceDirect

Chinese Journal of Chemical Engineering

j ourna l homepage: www.e lsev ie r .com/ locate /CJChE
Process Systems Engineering and Process Safety
Genetic algorithm for short-term scheduling of make-and-pack batch
production process
Wuthichai Wongthatsanekorn ⁎, Busaba Phruksaphanrat
Industrial Engineering Department, Faculty of Engineering, Thammasat University, Pathum-thani 12120, Thailand
⁎ Corresponding author.
E-mail address: wwuthich@engr.tu.ac.th (W. Wongth

http://dx.doi.org/10.1016/j.cjche.2015.04.021
1004-9541/© 2015 The Chemical Industry and Engineerin
a b s t r a c t

This paper considers a scheduling problem in industrial make-and-pack batch production process. This process
a r t i c l e i n f o
Article history:
Received 19 August 2014
Received in revised form 6 March 2015
Accepted 25 April 2015
Available online 22 May 2015

Keywords:
Genetic algorithm
Ant colony optimization
Tabu search
Batch scheduling
Make-and-pack production
Forward assignment strategy
equips with sequence-dependent changeover time, multipurpose storage units with limited capacity, storage
time, batch splitting, partial equipment connectivity and transfer time. The objective is to make a production
plan to satisfy all constraints while meeting demand requirement of packed products from various product fam-
ilies. This problem is NP-hard and the problem size is exponentially large for a realistic-sized problem. Therefore,
we propose a genetic algorithm to handle this problem. Solutions to the problems are represented by chromo-
somes of product family sequences. These sequences are decoded to assign the resource for producing packed
products according to forward assignment strategy and resource selection rules. These techniques greatly reduce
unnecessary search space and improve search speed. In addition, design of experiment is carefully utilized to de-
termine appropriate parameter settings. Ant colony optimization and Tabu search are also implemented for com-
parison. At the end of each heuristics, local search is applied for the packed product sequence to improve
makespan. In an experimental analysis, all heuristics show the capability to solve large instances within reason-
able computational time. In all problem instances, genetic algorithm averagely outperforms ant colony optimiza-
tion and Tabu search with slightly longer computational time.
© 2015 The Chemical Industry and Engineering Society of China, and Chemical Industry Press. All rights reserved.
1. Introduction

A typical make-and-pack production problem occurs in processing
plants that produces many products such as food and beverages,
chemicals, and other products. A typical process starts frommixing pro-
cess in amixing tank. Themixture is transferred intomultipurpose stor-
age tanks of different capacities for a fixed period of time. Then this
stored mixture is moved to packing lines. The final products in various
formats are shipped to customers [1]. The objective is to determine an
efficient production schedule that minimizes the makespan and sat-
isfies customer demand. Currently, the planner of make-and-pack pro-
cess finds it very difficult to determine the best short-term schedule.
The planning becomes a challenging task because it involves many
products and deals with many aspects such as multiple resources, par-
tial equipment connectivity, sequence-dependent changeovers, storage
time, transfer time and batch spitting. Honkomp et al. [1] explained a
case study in details and provided data from the actual production
process.

Researchers attempted to solve this problem using different tech-
niques. For example, Fündeling and Trautmann [2] applied a priority-
based heuristics by scheduling batches iteratively. The method was
not effective because moderate problem could not be solved in
atsanekorn).
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reasonable time. Baumann and Trautmann [3] developed an efficient
continuous-time precedence-based mixed integer linear program em-
bedding with sets of symmetry-breaking constraints. The results
showed that adding symmetry-breaking constraints and preprocessing
step could greatly reduce CPU time and solve small and moderate in-
stances within reasonable CPU time.

In recent years, metaheuristic methods have been applied to solve
many discrete manufacturing problems. The aim of this paper is to
apply a genetic algorithm (GA) to solve large make-and-pack problem.
The results will be compared by solution quality and computational
time with ant colony optimization (ACO) and Tabu Search (TS).

2. Literature Review

Make-and-pack problem was studied from many points of view.
Baumann and Trautmann [3] summarized the literature for this partic-
ular problem. Their review focused on the model with continuous rep-
resentation of time and categorized network-based models into state-
task-network (STN) and resource-task-network (RTN). They concluded
that none of themodels could accommodate all characteristics of make-
and-pack problem. The most similar model was studied by Belaid et al.
[4] for a shampoo-production process, but their approach could not be
used for make-and-pack problem because of different characteristics.
Most of the techniques for STN and RTN were based on mixed integer
linear programming (MILP). For example, Günther et al. [5] developed
ustry Press. All rights reserved.
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anMILPmodel for yogurt industry. Liu et al. [6] developed anMILP with
hybrid approach between discrete and continuous representation of
time. Kopanos et al. [7] solved scheduling problem with family-
dependent changeover using MILP technique. Velez and Maravelias [8]
solved chemical production scheduling problem using multiple and
nonuniform time intervals with discrete-time mixed integer program-
ming (MIP) models. They presented two different algorithms to find ef-
fective intervals and reduced the size of the formulation. As a result,
larger problem could be solved with discrete-time MIP model. Velez
and Maravelias [9] improved the efficiency of solving discrete-time
model using parallel computing technique and solved each subproblem
as anMIP on a single core of a computer. This technique could help solve
more challenging problems than the default parallel option. Karimi-
Nasab and Seyedhoseini [10] solved a job shop scheduling problem by
using integer linear programming formulation. The performance of
cut-and-branch and branch-and-cut approaches was shown on a set
of randomly-generated test data.

The make-and-pack problem is similar to batch production schedul-
ing studied bymany researchers. For example, Yu et al. [11] provided an
overviewof optimizationmethods for batch scheduling and constructed
a benchmark problem solved with different models. They suggested
that reduction of a large number of binary variables would help solve
large problems. Guohui et al. [12] modeled this problem as an MILP
model to maximize profit. A line-up competition and linear program-
ming were used to solve two examples in literature. Their results
showed better improvement compared to the earlier work. Rabie and
El-Halwagi [13] optimized the schedule of batchwater recycle network.
New source–tank–sink presentation and iterative approach were ap-
plied to solve case study problems. Metaheuristics such as GA was also
applied by various researchers. For instance, Li et al. [14] combined GA
with MILP to solve real batch problems. Wu et al. [15] developed GA
andmodified GA approaches to find a solution for case study problems.
The results showed thatmodified GA featuringmixed coding of two dif-
ferent crossover and mutation operators were more effective than GA.

This make-and-pack problem can also be categorized as multiple-
product multiple-resource scheduling problem (MMSP) with some ex-
ceptions. GA was applied to solve MMPS with some successes. He and
Hui [16] implemented GA with forward or backward assignment strat-
egy to solve largeMMSP in batch plant. Their results showed significant
reduction in search space and enhancement of search speed. He andHui
[17] later solved MMSP using binary encoding GA. With new proposed
crossover, their technique could solve large instances within reasonable
time. He and Hui [18] improved the original GA in [16] by proposing a
novel global search framework. A comprehensive set of position selec-
tion rules was constructed and appropriate synthesis rules were ap-
plied. Capón-García et al. [19] dealt with multiobjective batch process
scheduling problem via GA and local search and focused on the trade-
off between environmental impact and economical throughput.

Some researchers focused on the case study proposed by [1].
Fündeling and Trautmann [2] used a priority-based heuristics to solve
make-and-pack problem by scheduling batches iteratively. They
proposed 287 multi-level priority rules for computing these values.
Baumann and Trautmann [3] developed an efficient continuous-time
precedence-based mixed-integer linear program with symmetry-
breaking constraints and special preprocessing. They applied new tech-
nique to solve a set of medium scale problems. The results were up to
12% shorter than those from the heuristics of [2]. For a large scale prob-
lem, Fündeling and Trautmann [2] reported theminimummakespan of
7946 min on the first week data from [1].

Make-and-pack problem can be also considered as a classical job
shop scheduling problem (JSP), where each product type has its own
route on a set of resources andmachines that arefixed and known in ad-
vance. It is well known that JSP problem is NP-hard [20]. It is very diffi-
cult to obtain optimality with typical optimization technique and
metaheuristics to solve JSP problem [21,22]. Hence, make-and-pack
problem in this paper is also NP-hard and no solution method can
ensure the global optimal for large scale problemwith reasonable com-
putational time. As it is shown in literature, GA has not been studied to
solve large scale make-and-pack problem.
3. Problem Definition

For manufacturers of consumer goods industry, a typical make-and-
pack process involvesmixing tanks, storage tanks and packing lines. The
final products are shipped to customers. High makespan means unnec-
essary labor cost [1]. The goal is to find the schedule that minimizes the
makespanwhile satisfying all constraints. The details of this process are
explained in Fig. 1.

Step 1: For formula A, raw materials are sent to premix tank 1 (PM1).
Premix process starts at “a” and finishes at “b” and the premix
batch is transferred tomainmix tank from “b” to “c”. For formu-
la B, tank PM1 needs to be cleaned first, with a change-over
time from “c” to “d”. Then, premix process starts at “d” and fin-
ishes at “j” and this premix batch is transferred to main mix
tank from “j” to “k”.

Step 2: For formula A, main-mix process starts production at “c” and
finishes at “e” andmain-mix batch is pumped out to single stor-
age tank (ST1) from “e” to “f”. The capacity of ST1 is one batch,
so one storage tank is required. For producing formula B, tank
MM1 needs to be washed and there is a washout time of
47 min from “f” to “g”. Next, main-mix process starts produc-
tion at “k” and finishes at “l” and main-mix batch is pumped
out to two storage tanks (ST7 and ST8) from “l” to “m”. Since
the capacity of both storage tanks is only 0.5 batches, two stor-
age tanks are required. This batch splitting makes this problem
more difficult to solve.

Step 3: For bulk formula A, ST1 stores mixing batch from “f” to “g” and
the final product is sent to PL1. For formula B, ST7 and ST8 store
mixingbatch from “m” to “n” and thefinal product is sent to PL1
(from ST7) and PL2 (from ST8).

Step 4: For formula A, packing process starts at “g” and finishes at “h”.
Task from ST8 is sent to PL1 to pack product from formula B.
Packing change over time occurs at time “h–i”. PL1 then starts
packing at time “n” and finish at time “o”. The process of wash
out family is added from “o” to “p”.

The data for the case study are as follows.
3.1. Processing resources

There are three premix tanks and six main tanks with one-batch ca-
pacity each, six storage tankswith one-batch capacity and 74 tankswith
0.5-batch capacity, and seven packing lines supplying 0.5 batches. Fur-
thermore, there is a restriction on the formula that premix and main
mix tanks can process. Each product can be packed by a limited set of
packing lines.
3.2. Demand of packed products

There are 203 packed products from 59 bulk formulas. Each for-
mula can be packed into multiple container sizes. For product code
“B5-V10-P13”, “B5-V10” represents formula name and “P13” is the
packing code. Ten-week demand is given. The unit of demand is in
batches and the size of batches is predetermined by processing
equipment. It is assumed that due date is one week or 10080 min
without a break. The requirement is to finish producing every packed
product by the due date.



Fig. 1. Production, storage, and packing process of bulk formula A and B.
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3.3. Changeover time

When a change of product or formula occurs, changeover timemust
be taken into account. This changeover is sequence-dependent because
each product and formula has different characteristics. There are three
types of changeover as follows.

(1) Wash-out (W/O): Each formula is assigned to a wash-out family
(U-1 to U-7). Wash-out occurs in all processes and it is applied
when one wash-out family changes to another according to
Table 1. If the value in Table 1 is 1, the wash-out happens when
a product type changes. The wash-out time at premix and main
mix tanks is always 47 min while it is always 20 min in storage
tank. For the packing lines, their wash-out time is different.

(2) Packing changeover (C/O): This occurs at packing line when
package type changes. Packing C/O time for each packing line is
described in Table 1. For example, a switch from “B5-V10-P13”
to “B5-V22-P9” at PL1 incurs only changeover time of 27min be-
cause there is only one change in packing type from “P13” to “P9”
while both “B5-V10” and “B5-V22”have the samewash-out fam-
ily (U-7).

(3) Combined wash-out and packing changeover (combinedW/O &
C/O): This occurs in packing processwhen it requires bothwash-
out and packing changeover. The time for each packing line is de-
scribed in Table 1. For example, switching from “B5-V10-P13” to
“B5-V27-P4” at PL2 incurs bothwash-out and changeover time of
97 min, not 122 (87 + 35) min, because there is a change in
packing type from “P13” to “P4”. Also, “B5-V10” and “B5-V27”
have different wash-out family.
Table 1
Wash-out family relationship for all resources and wash out time (min)

To
U-1

To
U-2

To
U-3

To
U-4

To
U-5

To
U-6

To
U-7

From U-1 0 1 1 1 1 1 1
From U-2 0 0 1 1 1 1 1
From U-3 1 1 0 1 1 1 1
From U-4 0 0 1 0 1 1 1
From U-5 0 0 1 1 0 1 1
From U-6 1 1 1 1 1 0 1
From U-7 1 1 1 1 1 1 0

Type PL1 PL2 PL3 PL4 PL5 PL6 PL7

W/O time 90 87 90 93 85 85 90
C/O time 27 35 33 40 30 35 40
Combined W/O & C/O time 105 97 106 110 95 95 108
3.4. Processing time

There are six types of processing time for themake-and-pack process.
For “B1-V16”, the premix time, transfer time, main mix time, pump out
time, and quality release time of storage tanks are 57, 11, 118, 18 and
48 min, respectively. According to Fig. 1, one batch of “B1-V16” spends
46 min at premix process and 11 min for the transfer to the main mix
tank. Next, this batch spends 89 min in main mix process because it re-
quires 11 min to transfer into the main mix tank and other 18 min to
pump into storage tanks. At storage tanks, this batch always spends
45min for quality release time after the batch is transferred into the stor-
age tanks.When both premix time and transfer time are zero, the batch is
processed inmainmix tank only. The last type is the packing time, which
depends on the combination of finished product and packing line.

Since the size of the realistic problem is very large, it is difficult to
apply a typical mathematical programming approach. In this paper,
we use GA, ant colony optimization and Tabu search to solve this NP-
hard problem.

4. Solution Approach

4.1. Genetic algorithm (GA)

GA [23] is originated from Darwin's theory of evolution. This tech-
nique has been applied to solve various combinatorial optimization
problems and it is found to be very effective. Solutions are represented
by chromosomes. Each chromosome is evaluated through synthesizing
into a possible schedule to compute fitness value. Many chromosomes
are randomly generated atfirst. During crossover andmutation process-
es, new offspring is created from previous generation. The chromosome
that survives from evolving many generations till the end of the itera-
tion provides the near-optimal solution to the problem. The details of
GA are explained next.

4.1.1. Solution representation
The first task is to represent a solution as a chromosome. A permuta-

tion based representation is applied here. Fig. 2 illustrates the solution
representation through a small example with three product families
PF1

P1 P2 P3 P4 P6 P7

PF2 PF3

P5 P8 P9

9 Packed Products

3 Product Families

9! = 362880

3! = 6

Fig. 2. Small example of solution representation.
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and nine packed products. There are 2, 3 and 4 packed products for
product family PF1, PF2, and PF3, respectively. When packed product-
based sequence is used as the solution representation of chromosome,
the total number of possible solutions is 9! (362880). However, when
product family-based sequence is used instead, the number is reduced
to 3! (6).

Thus we use the product family-based sequence to represent the
chromosome. We also assume that the packed product with the
same product family should be produced together. According to [1],
there are 59 product families and 203 packed products, so it is easier
to solve a problem with 59! possible solutions (1.39 × 1080) rather
than 203! possible solutions (6.05 × 10381). We also need to know
the sequence of packed products for each product family to evaluate
the fitness function. We sort each packed product by packing type
first and by demand quantity in descending order later. For M product
families (PF1, PF2, …, PFM) with each product family containing npi
(i = 1, 2, …, M) packed products P1; P2;…; Pnpi

� �
and N total packed

products, a chromosome C for GA is the sequence ofM product families
instead ofN packed products. The size of a chromosome is equal toM as
shown in Fig. 3.

This chromosome representation is different from that in [16] for
MMSP problem. For make-and-pack problem, the sequence of product
family production is the same for every resource stage while the se-
quencemay be different in [16]. Therefore,when the chromosome is syn-
thesized into schedule, it is not evaluated stage by stage but each order is
assigned to the resource starting from premix stage to packing stage be-
fore the next order is evaluated. This is because the resources in each
stage are connected to each other with transfer time between them.
Next, the fitness function evaluation of each chromosome is explained.
PF1 PF2 P

Size of chromo

P1 P2 P3 P4 P6 P7P5

Size of chromo

Fig. 3. Solution representation of all pro

PF1:PM1

PF1:MM1

Premix

Main Mix

PF2:PM1

Intermediate

Pack

Forward Assignmen

47 min

P1:PL1

PF1:ST1

1

STSF:

M1MM

Process
PF1 for P1 PF2 for P2

Fig. 4. Forward assignme
4.1.2. Evaluation of chromosome
The chromosome, C, only represents the sequence of production, not

an actual schedule. This subsection explains a procedure to synthesize
the chromosome into a schedule in order to evaluate the fitness value,
F(C). For make-and-pack problem, the objective is to minimize the
makespan or finishing time of the last pack-product in the packing pro-
cess. This synthesized technique follows the work by [16].
4.1.2.1. Forward assignment strategy. To compute the makespan, the
schedule is generated by assigning resource in each stage according to
the sequence of production with forward assignment strategy tech-
nique [16]. The resource unit with the earliest available processing
time is assigned first. If there is a tie, the resource is chosen upon the re-
source selection rules. The idea behind this assignment is that the pack-
ing process of any products should be finished before making new
resource assignment for new product family. Fig. 4 illustrates the appli-
cation of this strategy for chromosome, C = [PF1, PF2]. The schedule is
obtained by assigning all necessary resources (PM1, MM1, ST1, PL1) for
PF1 to pack product P1. Once this is finished, the available time of all re-
sources is adjusted accordingly. Next, we assign resources (PM1, MM1,
ST1, ST2, PL1, PL2) for PF2 to pack product P2. Consequently, the
makespan could be calculated.

He and Hui [16] have also synthesized the chromosome into active
schedule by assuming that the job order at each resource stage could
be different. Kreutz et al. [24] have stated that active schedule contains
no excel idle time and no operation can be completed earlier without
delaying other operations. The schedule for make-and-pack problem
is also active because (1) each gene or order will be processed by
F3 PFM

some = M

P8 P9 P10 P11 P12 PN

some = N

duct families vs. packed products.

t

Time

20 min

PF2:ST8 20 min

PF2:MM1

PF2:ST720 min

47 min

P2:PL1

P2:PL22

2:P2PPP

S:SF:F

2FFFFPP

Scenario 1 Scenario 2 

nt strategy concept.
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assigning resource unit in premix, main mix, storage, and packing line,
(2) each resource is connected, and (3) there is transfer time between
resource units. Therefore, this schedule will not have any excess idle
time.

4.1.2.2. Resource selection rules. In make-and-pack problem, there may
be several parallel resource units available for assignment. Resource se-
lection rules are required to handle this situation. For premix and main
mix tanks, the earliest assignment rule can be applied directly because
both tanks have the same capacity of one batch and the connection be-
tween these two stages is one-to-one. The complication occurs at the
storage tanks because some of them have capacity of one batch while
others have the capacity of 0.5 batches. Hence, two scenarios could
happen.

Scenario 1: product from a main mix tank is transferred to a one batch
storage tank.

Scenario 2: product from a main mix tank is transferred to two half
batch storage tanks.

For the first scenario, the earliest available one-batch storage tank is
chosen to produce PF1. In the second scenario, the batch is split into half
to produce PF2 as shown in Fig. 4. The resource selection rules are as
follows.

(1) If the first available storage tank has one-batch capacity, that
storage tank is chosen.

(2) If there are two half batch storage tanks with the same earliest
available time, the batch is split in half and transferred to both
storage tanks.

(3) If only one half batch storage tank is available, the rest of the
batch is assigned to the next available half batch tank, not one
batch tank.

(4) If one batch tank and at least two half batch tanks have the same
earliest available time, each scenario is randomly assigned with
the same probability (0.5).

From the preliminary results, the choice of scenarios 1 and 2 affects
the makespan of the schedule. Sometimes it is better to wait for a one-
batch tank insteadof spitting the batch into half. Hence,wemake anoth-
er selection rule: (5) if the difference between the earliest available time
of half batch tanks and next available time of one batch tank is less than
20min, the probability that one batch tank is assigned equals to 0.5. This
increases the chance of finding better schedule.

4.1.3. Procedure of genetic algorithm
The procedure of GA can be described in the following steps.

Step 1. Initialization: randomly generate solutions or chromosomes
equal to the population size (popsize). These chromosomes
are evaluated for makespan through synthesizing the chro-
mosomes into schedules. Two sets of parameters are consid-
ered. (1) popsize = 100 and number of iterations = 50;
(2) popsize = 50 and number of iterations = 100. In each it-
eration, a new generation is created through selection, cross-
over and mutation operations while the population size
stays the same.

Step 2. Selection: select a pair of parents based on the selection
technique. We use roulette-wheel selection (RWS) and
ranked-based roulette wheel selection (RRWS). For RWS [25],
the probability for choosing any chromosome is equal to

Fi=∑Fi; Fi ¼ max
i

Fið Þ−Fi

� �
. The chromosome with the

highest fitness value has a higher chance of being selected
because of better fitness value. For RRWS, Jadann et al. [26]
and Razali and Geragty [27] have showed that this selection
method can offer a better result than RWS for traveling sales-
man problem because selection probabilities are computed
based on the rank instead of the fitness values. Rank is scaled
learning from the following formula, Rank = 2 − SP +
(2(SP − 1)(pos − 1)/(M − 1)), where SP is selective pressure
(set to 1.1) and pos is the position of chromosome based on
the fitness value. The chromosome with the least makespan
has a value of pos set to M.

Step 3. Crossover: generate offspring with crossover technique using
crossover probability. If none takes place, use exact copies of
the parents in the next step. Union crossover #2 (UX2) and
order-based crossover (OX2) methods are selected. Poon and
Carter [28] have compared the performance of several cross-
over operators and suggested UX2 for solving traveling sales-
man problem and other ordering problems. For UX2, we let
the first parent be 5 1 3 2 6 4 and the second parent be 2 4 1 6
3 5. Then, three genes (4 1 6) are randomly chosen from the
first parent (S1). Other three genes (5 3 2) are randomly chosen
from the second parent (S2). The offspring is generated from
randomly chosen S1 or S2 in each ordering position. If the or-
dering position of the offspring is S2 S2 S1 S1 S1 S2, the obtain-
ed offspring is 5 3 4 1 6 2.
Larranaga et al. [29] have tested many crossover methods for
ordering problems and concluded that OX2 is a second-best op-
erator but runs faster than the best operator. OX2 selects ran-
dom positions of one parent and it is imposed on the other
parent. If the first and second parents are (1 2 3 4 5 6) and (2
4 6 5 3 1), the second, third and sixth positions of the second
parents are chosen and represented as 4, 6, and 1, respectively.
These selected elements represent thefirst, fourth and sixth po-
sitions of the first parent. The offspring is set equal to first par-
ent except the first, fourth and sixth positions: (* 2 3 * 5 *). The
missing elements are added to the offspring in the same order,
which appear in the secondparent. The offspring is then (4 2 3 6
5 1). If the roles of the first and second parents exchange, the
other offspring is (2 4 3 5 6 1).

Step 4. Mutation: perform mutation operation on the new offspring
using mutation probability. There are various mutation tech-
niques [29] such as displacement, exchange, insertion,
simple-inversion, inversion and scramble. It is shown [29]
that simple inversion (SIM) and exchange mutation opera-
tors (EM) provide good results for ordering problem similar
to our make-and-pack problem. Furthermore, these two op-
erators are easy to implement and require little computa-
tional time since only two random positions are generated.
For SIM, two cut points are randomly selected and the ele-
ments between them are reversed. For example, if the chro-
mosome is (1 2 3 4 5 6) and the two cut points are at
second and fifth positions, the resulting offspring is (1 5 4 3
2 6). For EM, two elements are randomly chosen and their
values are exchanged. For example, if the chromosome is (1
2 3 4 5 6) and the two elements are at second and fifth posi-
tions, the resulting offspring is (1 5 3 4 2 6).

Step 5. Check the termination condition: compute makespan of new
offspring and sort all chromosomes. Choose best popsize
chromosome for the next iteration. If the number of iteration
reaches the limit, stop; otherwise, go back to step 2. If the
best solution remains the same for 50 consecutive iterations,
GA also terminates.

The design of experiment is used to investigate appropriate setting
of GA parameters (a combination of population size and the number
of generation (P/G), selection operator (SOP), crossover operator
(COP), mutation operator (MOP), probabilities of crossover (PC/%) and
mutation (PM/%)). All parameters are investigated at two levels. This
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allows the relationship between the response and the design factors to
be modeled as 2-factor full-factorial design. The details are given in
Table 2.
Table 2
Parameter setting of all factors

Factor Level

Population size/number of iteration (P/G) 50/100, 100/50
Selection operator (SOP) RRWS/RWS
Crossover operator (COP) UX2, OX2
Mutation operator (MOP) SIM/EM
Crossover probability (PC/%) 0.8, 0.9
Mutation probability (PM/%) 0.1, 0.2
If the running time is not limited, the chance of finding an optimal
solution increases with higher population size and number of iteration.
These two parameters decide the number of generated chromosomes
for GA. With higher values of these two parameters, larger search
space is covered. The combination of population size and number of it-
eration is fixed at 5000 generated chromosomes because the solutions
converge in the preliminary study. From the number of factors and
their levels, a full factorial (26) is adopted with five replications. The
data for this experiment is the large-scale problem [1] using the demand
of week 1.

The results are analyzed using the general linear form of analysis of
variance (ANOVA) shown in Table 3. The factors with p-value less
than 0.05 are statistically significant with 95% level of confidence. For
the main effect, P/G, SOP and COP are statistically significant with 95%
confident level. MOP is almost statistically significant at p-value 0.061.
For the 2-way interaction, (P/G) × COP, (P/G) × MOP, SOP × COP, and
SOP × MOP are statistically significant with 95% confident level. To
find suitable parameter setting, response surface optimizer is applied
and appropriate settings are shown in Fig. 5. The appropriate levels of
factor P/G, SOP, and COP are 50/100, RWS, OX2, respectively. Although
MOP, PC, and PM factors are not theoretically significant, appropriate
levels must be specified in order to run GA to solve make-and-pack
problem. The results from the response surface optimizer show that
MOP, PC and PM should be set to EM, 0.9 and 0.2, respectively.
Table 3
ANOVA Table from design of experiment

Source DF Sum of squares Mean square F p-Value

Main effects 6 655000 109167 48.87 0.000
P/G 1 11305 11305 5.06 0.025
SOP 1 272403 272403 121.95 0.000
COP 1 361299 361299 161.75 0.000
MOP 1 7917 7917 3.54 0.061
PC 1 1748 328 0.78 0.377
PM 1 328 5795 0.15 0.702
2-Way 15 86929 1933 2.59 0.001
(P/G) × SOP 1 1933 10870 0.87 0.353
(P/G) × COP 1 10870 11035 4.87 0.028
(P/G) × MOP 1 11035 3136 4.94 0.027
(P/G) × PC 1 3136 835 1.4 0.237
(P/G) × PM 1 835 29263 0.37 0.541
SOP × COP 1 29263 16188 13.1 0.000
SOP × MOP 1 16188 1061 7.25 0.008
SOP × PC 1 1061 3956 0.47 0.494
SOP × PM 1 3956 2638 1.77 0.184
COP × MOP 1 2638 4 1.18 0.278
COP × PC 1 4 441 0 0.968
COP × PM 1 441 965 0.2 0.657
MOP × PC 1 965 4506 0.43 0.512
MOP × PM 1 4506 98 2.02 0.157
PC × PM 1 98 2234 0.04 0.834
Residual error 298 665656
Total 319 1407585
4.2. Ant colony optimization (ACO)

ACO heuristics is introduced by [30,31]. This heuristics imitates how
ants find their food source. Each solution or product family sequence is
represented by each ant. Initial step begins with constructingM ants ac-
cording to state transition rule. In each iteration, amount of pheromone
is updated with global updating rule. Ants or solutions move to the next
solution via both pheromone updated amount and heuristic information
to obtain the best solutions. The heuristics terminates after 100 iterations.

The state transition rule is tomove the solutionwith probability pijk(t),
with ant or solution k producing product family i in jth production order
in iteration t,

pki j tð Þ ¼
τi j tð Þ� �α ηi j tð Þ

h iβ
XP F
j¼1

τi j tð Þ� �α ηi j tð Þ
h iβ ð1Þ

where τij is the pheromone intensity, α is the relative importance of trail,
and β is the relative importance of heuristic information. If α is set to 0,
product family pair (i, j) with minimum change/over time will be select-
ed. If β is set to 0, all the ants will follow the same path and construct the
same solution. Hence, there is a tradeoff betweenα and β. Heuristic infor-
mation for producing product family j after product family i (ηij) is

ηi j ¼
1

COi j
ð2Þ

where COij is change/over time for switching to product family j after
product family i. For the pheromone updating rule, the trail intensity
can be updated as

τi j newð Þ ¼ ρτi j oldð Þ þ
XM
k¼1

Δτki j ð3Þ

where ρ is a coefficient such that 1 − ρ is evaporation of trail, which is
used to avoid unlimited accumulation of pheromone trails. For Δτijk, it is
defined as

Δτki j ¼ Makespank tð Þ if thekthantproduce product family jafter i
0 otherwise

�
ð4Þ

where Makespank(t) is the makespan of the kth ant's production se-
quence. This means that the better the makespan, the more pheromone
is received by an arc that represents producing product family j after i.
After many computation runs, the best parameter for solving make-
and-pack problem is achieved by setting m= 50, α= 0.5, β= 0.8, and
ρ= 0.02.

4.3. Tabu search (TS)

TS heuristics, implemented by [32,33], is basically a local search. It is
performed around the neighborhood of current solution in all iterations.
The best solution found in the neighborhood is set as new current solu-
tion. The procedure is terminated after 100 iterations. For TS, a Tabu list
is created to prohibit some neighborhood. In the first step, a good feasi-
ble solution is found using greedy approach. Fifty solutions are random-
ly generated and the best solution is used as an initial solution. A
neighborhood of the initial solution is found using SIM operator. Two
product families are randomly selected and exchanged. Tabu list con-
tains a pair of product families that are previously exchanged. The rule
is that it is not possible to swap the pair in the Tabu list. The Tabu struc-
ture stores the number of timewith a given pair prohibited from the ex-
change. If a pair is prohibited for fixed restriction period, that pair is
removed from the Tabu List. This is called aspiration criterion. This pro-
cess is repeated until the number of iterations exceeds the limit. If the



Fig. 5. Optimization setting using response surface optimizer.
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solution has not improved by given frequency limit, new randomly gen-
erated solution is used as the current solution. After many computation
runs, the best parameter for solving make-and-pack problem can be
achieved by setting the length of Tabu list to 59, restriction period to
9, and frequency limit to 15. To make the same comparison with GA
and ACO, TS is repeated 50 times and the best solution is reported.
4.4. Local search

In order to improve the quality of solution, local search technique is
applied at the end of GA, ACO and TS procedures. Each heuristics pro-
vides the best production sequence of product family. The sequence of
packed products of each product family is sorted by demand quantity
in descending order. There is no guarantee that this sequence of packed
product returns the minimum makespan. Hence, it is possible to find a
better solution in the neighborhood of the last obtained solution.
Table 4
Results of GA, ACO and TS for large problems

Week Method Min Max/min Mean/min SD/min CV/%

1 GA 7290.63 7464.27 7382.10 47.99 0.65
ACO 7290.63 7487.65 7402.54 49.02 0.66
TS 7503.82 7738.62 7638.21 49.57 0.65

2 GA 7560.12 7856.03 7679.55 94.67 1.23
ACO 7653.56 7948.08 7808.47 99.04 1.27
TS 7610.65 7951.47 7816.59 120.00 1.54

3 GA 7498.50 7666.15 7571.94 55.02 0.73
ACO 7532.22 7688.55 7626.21 59.00 0.77
TS 7759.76 7785.54 7784.13 56.00 0.72

4 GA 7562.49 7847.06 7730.48 85.66 1.11
ACO 7663.36 7955.40 7821.22 86.24 1.10
TS 7689.65 7956.54 7839.38 125.49 1.60

5 GA 7541.89 7990.53 7684.72 142.25 1.85
ACO 7609.03 8003.51 7706.53 144.25 1.87
TS 7793.49 8157.45 7911.57 156.70 1.98

6 GA 7259.17 7465.59 7389.40 60.86 0.82
ACO 7342.54 7553.70 7480.33 63.77 0.85
TS 7610.65 7610.65 7633.84 88.01 1.15

7 GA 7830.83 8088.12 7936.08 79.94 1.01
ACO 7830.83 8104.23 7957.42 80.83 1.02
TS 8008.89 8293.93 8191.21 82.78 1.01

8 GA 7393.30 7556.81 7488.88 50.51 0.67
ACO 7424.78 7565.56 7518.04 55.47 0.74
TS 7610.65 7680.65 7626.51 54.96 0.72

9 GA 6534.00 6672.75 6610.57 42.11 0.64
ACO 6531.73 6696.97 6674.54 44.87 0.67
TS 6698.59 6839.09 6800.81 44.80 0.66

10 GA 7475.10 7884.22 7650.34 109.46 1.43
ACO 7480.25 7915.56 7675.50 110.16 1.44
TS 7610.65 7954.54 7714.54 163.54 2.12

AVG GA 7394.60 7649.15 7512.41 76.85 1.01
ACO 7435.89 7691.92 7567.08 79.26 1.04
TS 7589.68 7796.85 7695.68 94.19 1.21
The idea is to fix the sequence of product family but vary the se-
quence of packed products in each product family. Three types of local
search are implemented. They are simple inversion, exchangemutation
operators and random search with the sequence of packed products
shuffled randomly. The goal is to diversify the search space and look
for better solution. Each local search is applied for 50 times. At the end
of the local search, the best solution is reported.

5. Experimental Results

GA, ACO and TS are applied to solve ten large problems from the case
study of Honkomp et al. [1] using the demand from week 1 to 10. The
heuristics is implemented in C# language and the results are run on a
PC with 2300 MHz CPU and 4 GB memory. Each problem is solved ten
times. Minimum,maximum andmeanmakespan are computed and re-
ported in Table 4, with standard deviation (SD), coefficient of variation
(CV = 100 × SD/mean), absolute mean deviation from best, and
Absolute mean deviation
from best/min

Percentage of mean deviation
from best/%

Average CPU time/s

91.47 1.25 7.85
95.54 1.31 4.87
94.24 1.26 5.21

119.43 1.58 8.34
130.21 1.70 5.87
147.24 1.93 4.58
73.44 0.98 7.98
89.54 1.19 4.87
72.54 0.93 6.12

167.99 2.22 7.89
164.25 2.14 5.67
195.21 2.54 5.24
142.83 1.89 7.86
148.02 1.95 5.14
198.24 2.54 5.87
130.23 1.79 7.96
135.24 1.84 4.54
187.24 2.46 5.04
105.25 1.34 8.35
107.24 1.37 4.16
105.27 1.31 4.89
95.58 1.29 7.66

100.24 1.35 4.25
96.24 1.26 5.57
76.57 1.17 7.54
78.24 1.19 6.01
77.59 1.16 5.34

175.24 2.34 8.41
176.25 2.36 4.57
201.5 2.65 5.78
117.80 1.59 7.98
122.48 1.64 5.00
137.53 1.81 5.36



Table 5
Local search result comparison of GA, ACO and TS for large problems

Method Mean/min Average CPU time/s Method Mean/min Average PU time/s Method Mean/min Average PU time/s

GA 7614.58 7.67 ACO 7651.83 4.80 TS 7771.10 5.39
GA with LS 7512.41 7.98 ACO with LS 7567.08 5.00 TS with LS 7695.68 5.59
Difference 102.17 0.32 Difference 84.751 0.20 Difference 75.42 0.23
Difference percentage 1.34% 4.08% Difference percentage 1.11% 4.16% Difference percentage 0.97% 4.29%

1482 W. Wongthatsanekorn, B. Phruksaphanrat / Chinese Journal of Chemical Engineering 23 (2015) 1475–1483
percentage mean deviation from best. The results explain the robust-
ness of three heuristics on make-and-pack for large-scale problems. In
these problem instances, the values are just between 0.64%–2.12% and
the percentage mean deviation from best is 0.93%–2.65%. The values of
CV and percentage mean deviation from best in all instances are less
than 3%, so the robustness in obtaining the optimal solution for large in-
stances is effective for all these methods. Furthermore, the average CPU
time is only 4.16 to 8.41 s. Hence, all threemethods are effective in solv-
ing large instance of make-and-pack problems.

The minimum makespan of each heuristics is analyzed. The min-
imummakespan in the first week is 7290.63 min obtained by GA and
ACO. This is 8.13% lower than what Fündeling and Trautmann [2]
found at 7936 min. In almost all instances except week 9, solutions
from GA are less than or equal to solutions from ACO and TS. Accord-
ing to Table 4, the minimum makespan in all ten weeks from GA is
7394.60 min, which is lower than that from ACO and TS, at
7435.89 min and 7589.68 min, respectively. Thus, the minimum
makespan by GA is better than that by ACO and TS, on average by
0.56% and 2.07% respectively. The results are similar for average
maximum makespan and mean makespan. Compared to that of
ACO and TS, the average maximum makespan with GA is smaller by
0.56% and 1.36%, and its average mean makespan is better by 0.73%
and 1.70%, respectively. On the opposite, solutions from TS are either
greater than or equal to those from GA and ACO. Hence, GA is aver-
agely better than ACO and TS while TS is worse than GA and ACO.

A possible explanation is that GA combines both exploration and ex-
ploitation through crossover andmutation operations andworkswell in
this make-and-pack problemwhere the fitness function is complex and
the search space is extremely large. For ACO, the exploration only occurs
Fig. 6. Convergence of GA
at the beginning when M ants are randomly generated. The rest of the
procedure focuses on the exploitation to search for local optimal solu-
tion. For TS, only one type of neighborhood is applied and it is easier
to get trapped into the local optimum through exploitation even with
frequency limit option. From Table 5, the average CPU time of GA is
the highest and that of TS is the lowest because of the nature of heuris-
tics. This suggests that GA spends more time for searching a solution. In
summary, since the solution quality of GA is averagely better, it is worth
the computational time to search better makespan.

In all heuristics, local search helps find better solution. In Table 5 the
average makespan from 10 weeks with local search shows the reduc-
tion by 1.34%, 1.11%, and 0.97% for GA, ACO and TS, respectively. Howev-
er, the average computational time is increased by 4.04%, 4.16%, and
4.29% for GA, ACO and TS respectively. From the results, the only disad-
vantage of local search is slight increase of computational time, which is
less than two seconds. Therefore, local search is beneficial in searching
better solutions. In the real situation, quality of solution is more impor-
tant than computational time because reduction of makespan means
cost saving for the company.

Since GAoutperformsother twoheuristics, the effectiveness of GA to
find optimal solution is further analyzed and shown in Fig. 6, which dis-
plays the best-solution in 100 iterations for large problemweek 1 to 10
from the best replication. In problems 1, 4, 5, 6, 7, 8 and 9, the optimal
solution converges in less than 60 iterations while the optimal solution
for problems 2, 3 and 10 is obtained after 80 iterations. This is because
the problem size is very large and it requires more iteration to find the
best solution. The percentage improvement from initial solution is
from 0.89% to 7.51%. Note that Fig. 6 does not show the improved an-
swer by using local search.
for large instances.
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6. Conclusions

In this paper, we present GA, ACO and TS approaches to solve short-
termmake-and-pack scheduling problem. This problem contains many
complex features such as sequence-dependent changeover time, stor-
age time, batch splitting, partial equipment connectivity and multiple
storage units with different capacities. Solutions to the problems are
represented by chromosomes of product family sequences. With for-
ward assignment strategy and resource selection rules to convert the
solutions to real schedules, GA, ACO and TS are applied to solve large
production process problem. The results for large-sized problems from
the case study of Honkomp et al. [1] are reported. From the computation
results, all three methods are effective and robust to solve make-and-
pack problem in all sizes. Moreover, by applying local search, the solu-
tion could be improved further with a small increase in the computa-
tional time. In all problem instances, genetic algorithm could find
either the same or better solutions than ant colony optimization and
Tabu search with slightly longer running time.

Future research includes adjusting the synthesized technique to
cover more possibilities. Applying other improvement techniques to
solve make-and-pack problem could be explored. Adding total change-
over time and number of changeovers to the current objective,
makespan, could also add another aspect of make-and-pack problem.
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