
Journal of Open Innovation: 

Technology, Market, and Complexity

Article

Solving a Special Case of the Generalized Assignment
Problem Using the Modified Differential Evolution
Algorithms: A Case Study in Sugarcane Harvesting

Tassin Srivarapongse 1 and Phajongjit Pijitbanjong 2,*
1 Department of Economics, Faculty of Business Administration, Rajamangala University of Technology

Thanyaburi, Patumthani 10900; Thailand; tassin_s@rmutt.ac.th
2 Program of Engineering, Faculty of Industrial Technology, Songkhla Rajabhat University Songkhla,

Songkhla 90000, Thailand
* Correspondence: phajongjit.pi@skru.ac.th; Tel.: +66-74-260-270

Received: 27 November 2018; Accepted: 25 January 2019; Published: 30 January 2019
����������
�������

Abstract: We proposed and created a methodology to solve a real-world problem, which is a special
case of the generalized assignment problem. The problem consists of assigning drivers to harvesters,
which will then be assigned to harvest sugarcane in order to maximize daily profit. A set of drivers
have various levels of experience. Therefore, a different capability to harvest sugarcane leads to a
range of daily wages. Each harvester has different operating years and engine size, which affects
its fuel consumption rate and capacity to harvest sugarcane, respectively. Assigning a worker to
a harvester can improve the fuel consumption and efficiency of the harvester. We developed a
mathematical model to reflect this problem and to solve it to find the maximum outcome using Lingo
v.11 commercial optimization software. Since Lingo v.11 is limited to solving only small-size test
instances, for medium to large test instances, four modified differential evolution (MDE) algorithms
were used to solve the problem: MDE-1, MDE-2, MDE-3, and MDE-4. MDE-2 was found to be the
best proposed heuristics because it has intensification and diversification ability. MDE has been tested
with the case study. We tried to increase the daily profit by implementing three strategies: (1) change
all harvesters that are more than five years old, (2) train drivers to reach maximum capacity, and (3) a
combination of 1 and 2. Each strategy has a different investment. The breakeven point (number of
days) to return the investment was calculated from the increase of daily profit. The computational
results show that strategy 2 is the best because it has the quickest rate of investment return rate.
However, this strategy has a disadvantage, since it is possible that drivers may leave the company if
they have been highly trained. Moreover, strategy 1 has an acceptable break-even point at 392 days.

Keywords: generalized assignment problem; modified differential evolution algorithm; sugarcane;
assignment problem

1. Introduction

Sugarcane is a globally important commercial crop that can be used to produce both direct and
indirect products such as sugar, ethanol, jaggery, and fodder. Sugarcane is a tall perennial grass
reaching 3 to 4 m in height. Therefore, its cultivation is not easy, and it needs special tools to be
harvested effectively.

To harvest sugarcane, cutting at the ground level is needed because the sweetness level is higher
in this part of the cane. The tips of the stem and leaves are immediately removed. Traditionally, hand
harvesting is effective to harvest sugarcane. Currently, mechanical harvesters play an important role in
sugarcane harvesting due to a shortage of labor and increased labor costs. A harvester is very powerful
since it can replace 200 laborers. In the first era of using the harvester instead of human labor, the price
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of the harvester is still high. The mumber of harvesters in use is limited but there are many farmers
who want to use it. Therefore, the scheduling of fields to be harvested by the harvesters is needed to
achieve the aim of the farmers or the owner of the harvester. The scheduling problem is one out of the
most famous combinatorial optimization for all researchers. There are some excellent examples of the
studies involved in the scheduling problem such as Shim, et al. [1], Shim and Park [2], Jeong, et al. [3],
Joo, et al. [4], and Jeong and Shim [5].

Later on, many brands, sizes, and types of the harvester have been released to the market. There
is limitation for using a particular harvester such as some fields cannot be served by some harvester
types due to the steepness of the field or insufficient roads/tracks to the field. This make it more
difficult to assign the field to the suitable harvester. Moreover, the cost control is also of interest to the
owner of the harvester. The level of effectiveness of the machine has been considered when assigning
the harvester to the field. It depends on a few factors, such as the model and number of operating
years, and the experience of the user. In this research study, these variations have been taken into
account in order to generate fair results.

This research aims to assign harvesters to harvest sugar in sugarcane fields. One harvester can
be assigned to more than one field if it has enough time remaining. Different harvesters use different
amounts of time because they have different harvesting capacities. The harvester has limited working
time. Therefore, this problem falls into behavior according to the generalized assignment problem
(GAP). The field presents the task and the harvester can be interpreted as the agent in the GAP problem.

A generalized assignment problem (GAP) is where the task is assigned to one employee or
agent. The agent can serve more than one task and different assignments consume different resources.
The agent must use less resource than its capacity. GAP was first proposed by Ross and Soland [6],
and proved to be an NP-hard problem [7]. Later, Chu and Beasley [8] proved that GAP is NP-complete
and the existing exact methods are practical only for instances where there are no additional constraints.

An extended version has been studied, so that the GAP can imitate the behavior of a real-world
problem. Osorio and Laguna [9] took into consideration the availability of workers and the possibility
of job rotation in the worker assignment problem. Alfares [10] and Elshafei and Alfares [11] discussed
the restrictions on working days and off-days for workers. Alfares [10] tried to optimize the number of
workers, while Elshafei and Alfares [11] tried to minimize the labor cost. Recently, location/allocation
has been considered while making decisions in GAP [12]. The proposed problem that is closest to the
GAP type is the multilevel GAP, which was introduced by Laguna et al. [13]. We assigned the driver
to the harvester. The skill level of the worker will affect the effectiveness of the harvester, which also
has a different capacity. The capacity of the harvester means the driving and harvest speed affect its
resource usage. Then the fields will be assigned to the harvester, and this assignment affects the profit
because each field has different sweet and density levels, which affect the amount of sugarcane that
can be harvested per day. The harvester can be assigned to serve more than one field if it has enough
daily capacity (time). Therefore, the proposed problem is the special case of GAP where many new
parameters and conditions have been added to the problem definition.

Comparing our problem to Kaewman et al. [14], this article proposes the multi-level assignment
problem. The young chicken farm has been assigned to deliver the chicken to the egg farm (to feed
the young chicken and collect the eggs from it to sell). The number of chickens that is needed in the
egg farm has to be at least 50% satisfied and it can be obtained from more than one chicken farm.
When finishing the assignment of the chicken farm to deliver chickens to the egg farms, a suitable
truck will be assigned to transport the chicken from the chicken farm to the egg farm. In the real
world, the trucks have different ages of use or machine type, which can consume different fuel usage.
Moreover, the experience and driving style of a specific driver is also to change the fuel consumption
(speed used), which can change the total profit generated. The special attributes addressed above have
been considered in our study.

The proposed problem is one out of the combinatorial optimization, which is hard to solve.
Most of the small sizes of the test instances have been solved by the exact methods while larger
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sizes of test instances and the exact methods are mostly unable to solve the problems into optimality
within the reasonable computational time. The metaheuristics and heuristics are used to find the
promising solution. Metaheuristics have been successfully developed to solve various problem types
both in discrete and continuous optimization such as disease detection from medical images [15],
fruit peel defects detection [16], develop the intelligent simulation and control model of electric drive
engine [17], and use to solve the GAP problem [18]. Solving GAP, some effective exact methods
have been proposed to solve classical GAP, such as branch and bound [6], branch and price [19], etc.
To reduce the computational time of the exact method where the problem size is very large, heuristics
and metaheuristics have been presented to solve the GAP and other combinatorial optimization
problems such as the heuristics approximation method [20] and the approximation approach to adapt
the knapsack solving method [21], heuristics, where it is the combination of the exact method and
heuristics [22], simulated annealing [23], tabu search [24], genetic algorithm [25], very-large-scale
neighborhood search [26], bee algorithm [27], and differential evolution algorithm (DE) to solve the
GAP has been proposed by Tasgetiren et al. [28] and Sethanan and Pitakaso [29]. The computational
results show that DE outperforms all other heuristics proposed so far.

DE has been used to solve various types of problems such as production planning [30,31],
manufacturing problems [32], and more. Dechampai et al. [33] presented DE to solve the capacitated
vehicle routing problem (VRP) in the poultry industry with the flexibility of mixing pickup and
delivery services and maximum duration of a route. Akkararungruangkul and Kaewman [32] studied
the special case of a vehicle routing problem where the condition of the road was considered. They
modified the mutation process by using different formulas to increase the search capacity of DE,
and the computational result showed that the new formula outperformed the traditional formula of
DE. Sethanan and Pitakaso [34] improved DE by adding two more steps known as reincarnation and
the survival process to improve the intensification search of the DE. These steps were added after the
selection process. Sethanan and Pitakaso [29] improved the differential evolution algorithm by adding
effective local searches to increase the search mechanism for solving a generalized assignment problem.
With the use of different mutation and recombination processes and matching to improve the solution
quality, it has been proven that using different pairs of mutation and recombination processes gives a
different solution quality, such as in Pitakaso and Sethanan [29] and Boon, et al. [35].

From the literature, DE is more effective if the local search is included, but it increases the
computational time. DE is modified by adding more processes to the original version, such as the
recombination process, the reborn process, and the reincarnation process, to get better solutions.
These processes can improve the solution quality of the original DE because they enhance the search
capability of the original system.

Therefore, DE is designed to solve the proposed problem. The mutation process is modified to
include two more sets of vectors (best vector and random vector) that are used in addition to the set of
target vectors, which is used in the original version of DE. The selection of these three sets of vectors
was done by probability, which can increase or decrease during the simulation. This one controls by
the score of each set of vectors. The score was updated regarding the quality of the solution via that set
of vectors. Moreover, three sets of vectors were introduced into the original DE mechanism. These sets
of vectors are categorized as best vector (BV), second best vector (B2), and randomly selected vector
(RS). These three vectors were stored in the selection process and the local search (swap) was applied
to them.

The contributions of this paper are two-fold: (1) the real-world problem, which is the special case of
the GAP that has been introduced, and (2) the modified differential evolution. The real-world problem
is a special case of GAP, since it has four attributes, which is more than any other GAP proposed in
the literature. The attributes are: (1) drivers have different levels of experience, (2) each harvester has
different capacity and operating years, which results in different effectiveness in harvesting, (3) the
time required to harvest each field depends on the harvester used and its driver, and (4) the profit



J. Open Innov. Technol. Mark. Complex. 2019, 5, 5 4 of 20

from harvesting depends on the sweetness of the sugarcane, which is dependent on the field. These
attributes have to be accounted to the model so that the profit of the whole system is maximized.

This paper has been organized as follows: Section 2 describes the mathematical model that
represents the proposed problem. Section 3 describes the proposed method that was used to solve
the problem (DE). Section 4 gives the computational framework and results. Lastly, Section 5 is the
conclusion and future outlook.

2. Problem Definition and Mathematical Model for Special Case of the Generalized
Assignment Problem

This section explains the problem definition and the mathematical model that represents the
proposed problem.

2.1. Problem Definition

We call our problem a special case of the generalized assignment problem in this particular
research study. The proposed problem is composed of three actors: (1) the driver, (2) the harvester set,
and (3) the sugarcane field. The problem is to pair a driver with a suitable harvester set to harvest a
suitable sugarcane field so that the daily profit is maximized. The profit depends on the income and
cost generated in the system, while the income is generated from the amount of harvested sugarcane
sold multiplied by the sweetness level of the harvested sugarcane (the price of sugarcane sold is based
on per ton unit). The profit is the result of total income subtracted by the cost of the harvester’s fuel
consumption and the corresponding driver’s daily wages. There is a pool of drivers with various
levels of experience and wages. The harvester sets have a range of machine types and operating years,
which determines the fuel consumption rate. The efficiency of harvesting is also affected by the driver
of the particular harvester set. After the harvester set and its driver have been assigned, they will
start to harvest the assigned sugarcane field, where each plant has a different size, sweetness level,
and travelling distance. All of these activities generate the special case of GAP (S-GAP). The framework
of the unsolved and solved problem is shown in Figure 1.J. Open Innov. Technol. Mark. Complex. 2018, 4, x FOR PEER REVIEW  5 of 20 
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Parameters 

I Number of available workers 

J Number of available harvesters 
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Pi Experience factor of worker i (effective in the cutting factor) 
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Uj j Scaling factor of using fuel depending on years that the harvester has been used 
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Figure 1. The unsolved special case of the generalized assignment problem (S-GAP).

As illustrated in Figures 1 and 2, the solved problem is that one driver will be paired with a
suitable harvester set to harvest a suitable sugarcane field. The mathematical model of the proposed
problem is shown in Section 2.2.
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2.2. Mathematical Model

The mathematical model for economic crop planning is as follows:

Indices

i Workers i when i = 1, . . . , I
j Harvester j when j = 1, . . . , J
k Sugarcane field k when k = 1, . . . , K

Parameters

I Number of available workers
J Number of available harvesters
K Number of sugarcane fields
Djk Hours required to travel from the harvester parking area j to the sugarcane field k
Pi Experience factor of worker i (effective in the cutting factor)
Ri Experience factor in using fuel of worker j
Ej Fuel consumption rate of harvester j (baht/hours)
Ujj Scaling factor of using fuel depending on years that the harvester has been used
V Production rate of sugarcane (tons/rai)
Bk Sweetness factor of sugarcane field k
Sk Selling price of sugarcane field k (baht)
Ak Area of sugarcane field k (rai)
Ci Hiring cost of worker i (baht/day)
Tj Theoretical cutting speed of harvester j (rai/hour)
L Work regulation of worker (hours/day)

Decision Variables

Xjk =

{
1 i f cutting set j is assigned to sugarcane f ield k

0 otherwise

Yij =

{
1 i f worker i is assigned to cutting set j

0 otherwise

Wi =

{
1 i f worker i is in used

0 otherwise

Zk =

{
1 i f sugarcane f ield is assigned by at least one cutting set

0 otherwise
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Hjk = Hours required to cut sugarcane in field k using harvester j

Qjk = Hours required to travel from j to k

Mj = Real fuel consumption rate of harvester j (baht/hours)
Nj = Real cutting speed of harvester j (rai/hours)

Objective function

maxz =
K

∑
k=1

Zk × Bk × Sk −
K

∑
k=1

J

∑
j=1

Xjk × Djk ×Mj −
K

∑
k=1

J

∑
j=1

Hjk × Xjk ×Mj −
K

∑
k=1

Wi × Ci (1)

Subjected to

Zk ≤
J

∑
j=1

Xjk ∀k = 1 . . . K (2)

K

∑
k=1

Xjk ≤ 1 ∀j = 1 . . . J (3)

J

∑
j=1

Yij ≤ 1 ∀i = 1 . . . I (4)

Wi ≥
J

∑
j=1

Yij ∀i = 1 . . . I (5)

Mj =
I

∑
i=1

Yij × Ri × Ej ×Uj ∀j = 1 . . . J (6)

Nj =
I

∑
i=1

Yij × TJ × Pi ∀j = 1 . . . J (7)

Qjk = 2×Djk ∀k = 1 . . . K∀j = 1 . . . J (8)

Hjk =
Ak
Nj

k = 1 . . . K∀j = 1 . . . J (9)

I

∑
i=1

QJK ×HJK × XJK ≤ L ∀j = 1 . . . J (10)

Xjk ≥
I

∑
i=1

Yij k = 1 . . . K∀j = 1 . . . J (11)

The objective of Equation (1) is to maximize profit from selling sugarcane, which is related to
the function of sugarcane sweetness. The actual profit is generated by subtracting the transportation
cost, fuel cost to operate the harvester set, and labor cost from income from mathematical model.
Regarding Equation (2), it is important that only sugarcane field k, which has been assigned harvester
set j, is harvested. Regarding Equation (3), we need to ensure that one harvester set is assigned to only
one field at a time. Equations (4) and (5) address the assignment of one worker to one harvester set at
a time. Equation (6) is used to calculate the real fuel consumption if we assign worker I to harvester
set j. Equation (7) is used to calculate the real cutting speed of harvester set j, which is the function
of the efficiency of the worker who has been assigned to the harvester set. Equation (8) specifies the
traveling time from j to k. Equation (9) is the number of hours required to harvest sugarcane at field k,
Equation (10) ensures that the time used to travel and harvest is not over the allowed working hours
per day, and Equation (11) ensures that only the harvester set with an assigned driver will be allowed
to harvest in field k.
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3. Proposed Heuristic

We present a differential evolution algorithm (DE) to solve the proposed problem. Originally,
the DE is composed of four steps: (1) generate initial solution, (2) implement the mutation process,
(3) execute the recombination process, and (4) complete the selection process. The modified DE that
is discussed in this paper has five steps: (1) generate initial solution, (2) implement the mutation
process, (3) execute the recombination process, (4) perform the selection process, and (5) update the
reserved vectors.

Generally, DE has three types of vectors: (1) target vector, (2) mutant vector, and (3) trial vector.
The modified DE (MDE) presented in this paper adds the following vectors:

(1) Set of second best vectors (B2-vectors) The second best vector is stored while the selection process

is performed. The other worse solution while comparing to the objective function is deleted from the
system, but only the second best vector set is kept. This set is composed of the second best vector of all
vectors and is iteratively updated. This increases the intensification of the algorithm because we will
search intensively on these vectors when the predefined condition is met.

(2) Set of randomly selected vectors (RS-vectors) The RS-vector is selected from the worse solution

while the selection process is performed. The worse vector normally is updated in the set of second
best vectors, and then the old second best vector is deleted. When it is deleted, the RS-vector is updated.
There are two choices to deal with the old second best vector: (1) delete it from the system, or (2) store
it as an RS-vector. The probability is controlled by using Equation (13).

(3) Set of vectors that are iteratively randomly generated (RV-vectors).

(4) Best vector given by all vectors in all previous iterations (BV-vectors).

Please note that RS-vectors, RV-vectors, B2-vectors, and BV-vectors have the same number of
vectors as target vectors, mutant vectors, and trial vectors.

Originally, mutant vectors come only from operating the target vector, while mutant MDE vectors
come from operating target vectors, BV-vectors, and RV-vectors. This is used to increase intensification
of the original DE, but it also has a chance to select from the set of random vectors that can still give
good diversification of the DE. The chance depends on the current iteration. If it is in the very first
iteration of the probability, then, to select from the random vector, is higher than the very last iteration.

Moreover, the swap heuristics is performed in the sets of BV-vectors, RS-vectors, and B2-vectors.
The following steps are used to explain the modified differential evolution algorithm (MDE).

3.1. Generating the Initial Solution and Decoding Method

The Differential evolution algorithm (DE) generally works on real numbers because the mutation
and recombination processes are about using arithmetic signs to calculate mutant and trial vectors.
This section explains how to get the solution to the problem from the real numbers generated from the
DE’s operators.

3.1.1. Initial Solution

In the first iteration, the value in the position of each vector that has a size of 1 × D is randomly
generated. D is the total number of sugarcane fields, harvesters, and drivers. For example, if we have
six sugarcane fields, four harvester sets, and five drivers, D is equal to 6 + 4 + 5, which is 15. If NP = 5,
this denotes NP as the number of vectors required. The initial target vectors are shown in Table 1.

From Table 1, one vector is divided into three subsets. The first subset (first six positions)
represents the sugarcane field, while the second (next four positions) and third (last five positions)
subsets represent the harvester and driver, respectively. The information on an example that will be
used to illustrate the proposed heuristics is given in Table 1 as well. More needed information is as
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follows: (1) fuel cost is 115 Thai baht (THB)/h, (2) selling price (S) of the sugarcane is 600 THB/ton,
(3) standard sugar cane obtained from 1 rai of the sugarcane field is equal to 12 tons, (4) all drivers are
only allowed to work a maximum of nine hours per day, and (5) the time required to drive from the
parking area of each harvester set to each sugarcane field is shown in Table 2.

Table 1. Randomly generated target vectors in the first iteration.

Type Sugarcane Field Harvester Driver

#Vector 1 2 3 4 5 6 1 2 3 4 1 2 3 4 5

1 0.84 0.39 0.92 0.56 0.06 0.72 0.72 0.09 0.43 0.47 0.65 0.36 0.63 0.00 0.32
2 0.71 0.45 0.40 0.63 0.78 0.07 0.61 0.16 0.54 0.12 0.56 0.70 0.71 0.70 0.38
3 0.55 0.20 0.63 0.34 0.39 0.14 0.10 0.93 0.61 0.09 0.06 0.35 0.88 0.92 0.06
4 0.80 0.75 0.49 0.76 0.74 0.55 0.18 0.82 0.90 0.57 0.75 0.44 0.86 0.19 0.94
5 0.22 0.20 0.12 0.42 0.74 0.90 0.72 0.09 0.43 0.47 0.65 0.36 0.63 0.00 0.32

Ak 80 50 40 70 32 41
Bk 1.2 1.5 0.9 0.8 1.0 0.8
Ej 120 180 110 130
Uj 1.1 1.3 1.0 1.2
Tj 9 10 6 8
Ri 1.2 0.7 0.8 1.1 1.2
Pi 0.9 1.2 1.1 0.9 0.8

Ak, area of field k (rai). Bk, sweetness factor of field k. Ej, fuel consumption rate of harvester j (baht/hours). Uj,
used/aged factor of harvester j. Tj, harvest rate of harvester j (rai). Ri, experience factor affecting fuel consumption
rate of driver i. Pi, experience level affecting the harvesting rate of driver i.

Table 2. Time (h) required to drive from the parking area of harvester set j to field k.

Field 1 2 3 4 5 6

Harvester

1 0.80 0.08 0.99 0.35 0.89 0.15
2 0.32 0.79 0.11 0.04 0.18 0.55
3 0.84 0.65 0.66 0.70 0.08 0.05
4 0.25 0.95 0.08 0.63 0.89 0.21

3.1.2. Decoding Method

We designed our decoding method to have five steps, as follows.

(1) Sort all subsets of vectors separately (field, harvester, and driver) in ascending order. The results
of sorting are shown in Table 3. The sugarcane field order is 1, 5, 4, 3, 6, and 2. The harvester
order is 2, 3, 4, and 1 while the driver’s order is 4, 5, 2, 3, and 1, respectively.

(2) Assign a driver to a harvester and assign the harvester to the sugarcane field(s) using the order
obtained from step 1. We first assign the driver to the harvester. The pair of the driver and
harvester will be assigned to serve the sugarcane field. The order of assignment will be executed
according to the orders obtained from step 1. Two rules that have to be kept during the assignment
is: (2.1) Assign the entity (field, harvester, driver) that is in position at the front of the order first
and (2.2) if the current position violates the capacity constraints of the harvester (maximum time
used 9 h.), the entity that is in the next position is allowed to be replaced.

Table 3. Results of sorting value in the position of vector 1.

Type Sugarcane Field Harvester Driver

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

1 0.08 0.21 0.22 0.24 0.45 0.61 0.09 0.43 0.47 0.72 0.00 0.32 0.36 0.63 0.65
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For instance, when driver 4 (first position in driver’s order) is assigned to harvester set 2 (first
order of harvester’s order), the real harvester rate after the harvester is calculated from the experience
factor of worker i (Pi) multiplied by the standard harvesting rate of harvester j (Tj). Therefore, the real
harvesting rate while we assign driver 4 to harvester 2 is 0.9 × 10 = 9 rai/h. Then we assign the pair of
driver 4 and harvester 2 to sugarcane field 1 (first sugarcane field in the order). The traveling time
from harvester set 2 to field 1 is 0.32 h (Table 2). If we have 9 h available, the traveling time used is
0.32. Therefore, it has 9 – (0.32 × 2) = 8.36 h left for harvester 2. As the result, a maximum of 75.24 rai
can be harvested with this matchup, since the harvesting field 1 cannot be done within 8.36 h because
field 1 has an area of 80 rai to be harvested, which means it needs 8.88 h to harvest. However, field 1
cannot be assigned to serve field 1. The next field’s order is field 5, which will be assigned to harvester
2 instead of field 1. Field 5 has an area of 34 rai. Harvester set 2 requires 4.13 h (traveling time from
harvester set 2 to field 5 is 0.18 h). Hence, 4.87 harvesting hours are left. Therefore, we have to find
another field from the list that is possible to support harvester set 2. Field 3 is the next field that is
possible to assign harvester set 2. The results of the assignment are shown in Table 4.

Table 4. Results from the assignment process.

Driver Harvester Maximum Cap. Rai/Hours Field Area (rai) (B) Hours Required (B/A)

4 2 0.9 × 10 = 9
5 34 4.13
3 40 4.607

5 3 0.8 × 6 = 4.8 6 41 8.64
2 4 1.2 × 8 = 9.6 1 80 8.83
3 1 1.1 × 9 = 9.9 4 70 7.77

(3) Calculate the profit generated from the assignment in step 2.

From Table 4, the fields that are harvested are 5, 3, 6, 1, and 4, which have an area of 34, 40, 41,
80, and 70 rai, respectively. These fields can produce 408, 480, 492, 960, and 840 tons of sugarcane,
respectively (column A × 12 tons/rai). The sweetness factor (Sk) multiplied by the price of sugarcane
per ton (600 THB/t) is used to get the real selling price of sugarcane produced from each field
(see column D). Lastly, the real selling price multiplied by the amount of sugarcane in the field
gives income (THB) for this specific assignment (Table 5). The total income of this assignment is
1,884,960 baht.

Table 5. Income of the harvesting plan.

Field Total
Area (A)

Amount of Sugarcane
(ton) A × 12 (C)

Sweetness
Factor (Sk) (B)

Real Selling Price
(baht) (D) = 1500 × B

Income
(baht) D × C

5 34 408 1 600 244,800
3 40 480 0.9 540 259,200
6 41 492 0.8 480 236,160
1 80 960 1.2 720 691,200
4 70 840 0.9 540 453,600

Tables 6 and 7 are used to calculate the total cost of the plan. The real harvesting rate (Nj) is
calculated from the relationship of assigning driver I to harvester set j. For example, assigning driver 4
to harvester set 2 generates Nj = 0.9 × 10 = 9. This is because driver 4 has an experience factor of 0.9,
and the theoretical harvesting speed of harvester set 2 is 10. The time required to harvest the assigned
field is calculated from the total area of the field divided by Nj, and the result is shown in Table 6,
column D. This time is added with two-way traveling time of harvester set j to field j and the total time
used for each assignment is obtained. The result is shown in Table 6, column F.
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Table 6. Results of calculating hours required to execute the plan.

Driver Harvester Field Total Area
(Ak) (A)

Harvesting
Speed (Tj) (B)

Efficiency Factor
of Worker (Pi) (C)

Real Harvesting
Rate Nj = B × C (D)

Hours Required to
Harvest Field k D = A/D

Traveling Time
(Two-Way) (E)

Total Time
Used F = D + E

4 2
5 34 10 0.9 9 3.78 0.36 4.14
3 40 10 0.9 9 4.44 0.22 4.66

5 3 6 41 6 0.8 4.8 8.54 0.10 8.64
2 4 1 80 8 1.2 9.6 8.33 0.50 8.83
3 1 4 70 9 1.1 9.9 7.07 0.35 7.42

Table 7. Results of calculating the total cost for the plan.

Driver Harvester
Engine Type

(Uj) (A)
Theoretical Fuel Usage

(Ej) (baht/hours) (B)
Experience Factor in
Using Fuel (Ri) (C)

Real Fuel Usage Rate
(Mj) D = A × B × C

Total Time Used
(From Table 6) (E)

Total Fuel Cost F
= E × D

4 2
1.3 180 1.1 257.4 4.14 1065.64
1.3 180 1.1 257.4 4.66 1199.48

5 3 1.0 110 1.2 132 8.64 1140.48
2 4 1.2 130 0.7 109.2 8.83 964.24
3 1 1.1 120 0.8 105.6 7.42 783.55
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From Table 7, the real fuel usage rate (Mj) is the product of engine type usage rate, theoretical
fuel usage, and the experience factor of the driver assigned to the set, and the result is shown in
column D. The total fuel cost of each assignment can now be calculated by multiplying Mj by the total
time used from Table 6, which is shown in column F. The total fuel cost for this assignment plan is
5153.49 baht. The drivers’ cost is then calculated based on their experience. Drivers 4, 5, 2, and 3 have
an experience factor of 0.9, 0.8, 1.2, and 1.1, respectively. Their standard daily income is 1000 baht.
Therefore, multiplying by their corresponding experience factor to reflect the real daily income for
drivers 4, 5, 2, and 3 is 900, 800, 1200, and 1100 baht, respectively. In total, the expense for the drivers is
4000 baht, which makes the total cost 9153.49 baht per day. Thus, the total profit per day is 1,884,960 −
9,153.49 = 1,875,806.51 806.61 Baht.

3.2. Mutation Process

Afterward, the problem was encoded like the vector shown in Table 1. The mutation process
needs to be executed in order to get mutant vectors. Mutant vectors can be obtained by using Equation
(12), which randomly selects three vectors out of all target vectors. Let r1, r2, and r3 denote randomly
selected vectors from target vectors, while F is the scaling factor. In the proposed heuristics, F is set
to 0.8 (Qin et al. 2009), i is the vector number, and j is the vector’s position. The new vector, which
is calculated by Equation (12), is called a mutant vector. G is the current iteration of the simulation.
Each group of vectors is a separate mutant, which may use different controlled parameters such as CR
(recombination rate).

Vi,j,G+1 = Xr1,j,G + F
(
Xr2,j,G − Xr3,j,G

)
(12)

In this paper, Equation (12) is modified so that, instead of randomly selected vectors from the
set of target vectors as stated in the proposed heuristic, the random vectors can come from three sets
of vectors, which are (1) the set of target vectors (TV-vectors), (2) the set of best vectors (BV-vectors),
and (3) the set of random vectors (RV-vectors). Equations (13) and (14) are both used to calculate the
probability of selecting the set of vectors.

Oh.G = Oh,G−1 + Sh,G−1 (13)

where Os,G is the attractiveness of selecting the set of vectors h, when h ∈ set of target vectors, set of
best vectors, and set of random vectors. Sh,G−1 is the score of the set of vectors h in the last iteration.
Sh,G−1 is set at 5 when the set of vectors h is used in Equation (12) in the last iteration, and it is found
as the new optimal solution. Sh,G−1 is set at 3 when the set of vectors h is used in Equation (12) in
the last iteration, and it is found as the new personal best solution. Sh,G−1 is set at 1 when the set of
vectors h is used in Equation (12) in the last iteration, and it gives the worst solution. For example,
if the current attractiveness of TV, BV, and RV is 100, 120, and 90, respectively, in the particular iteration
G. The calculated new score is shown in Table 8.

Table 8. Results of an updated score of a set of vectors in iteration G. TV, target vectors. BV, best vectors.
RV, random vectors.

Vector
Set of Vectors
Used in (12) in
G-1 Iteration

Solution
from G-2
Iteration

Solution
from G-1
Iteration

Score
Added TV-Score BV-Score RV-Score

1 TV, BV, BV 14,590 15,124 1 101 122 90
2 BV, RV, RV 15,123 14,443 3 101 125 96
3 RV, TV, TV 14,245 12,531 5 110 125 101
4 BV, BV, BV 15,412 14,910 3 110 134 101
5 RV, BV, RV 13,567 14,255 1 110 135 103

From Table 8, the scores of TV, SB, and RS after iteration G are 110, 135, and 103, respectively.
These scores will then be used to calculate the probability to select the set of vectors using Equation (14).
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ph.G =
Oh,G

∑H
h=1 Oh,g

(14)

where h = 1 . . . H or 1 to 3 when h = 1, 2, and 3 means TV-vectors, BV-vectors, and RV-vectors,
respectively. The next step of the DE is the recombination process.

3.3. Recombination Process

Equation (15) is used to build up the trial vector (Ui,j,G) using the information from mutant vectors
(Vi,j,G) and target vectors (Xi,j,G).

Ui,j,G =

{
Vi,j,Gi f randi,j ≤ CR
Xi,j,Gi f randi,j > CR

(15)

where randi,j is the random number of position j of vector i.
After the trial vector has been obtained, the selection process is executed.

3.4. Selection Process

The result of the selection process is to generate the new target vectors (Xi,j,G+1), using
Equation (16) to select from the previous target vector or trial vector.

Xi,j,G+1 =

{
Ui,j,G if f

(
Ui,j,G

)
≤ f
(
Xi,j,G

)
Xi,j,G otherwise

(16)

After the selection process, the normal process of the differential evolution algorithm (DE) is
then applied. Recall that the sets of B2-vectors (second best-vectors) and RS-vectors (random selected
vectors) are stored here. When it is replaced by the new personal best solution, the set of B2-vectors
is updated automatically. The vectors used in this paper are composed of sets of vectors that come
from a different way, as shown in Table 9. Table 9 shows how to initialize, update, and delete all types
of vectors.

Table 9. Conclusion of types of vector sets.

Type of Vector Update Rule of Initializing Rule of Deleting

Target vector (TV) Very iteration using Equation (16) Random When the new best
target vector is found

Mutant vector (MV) Very iteration using Equation (12) Use Equation (12) -

Trial vector (TrV) Very iteration using Equation (15) Use Equation (15) When it is worse than
the current target vector

Best vector (BV)
Update every time a new solution is
found that is better than at least one

vector in BV

Use first set of
target vectors

A worse vector will be
replaced by a new one

Second best vector
(B2)

Update every time the new target
vector is generated from the trial vector

Use first set of trial
vectors

A worse vector will be
replaced by a new one

Random vector (RV) Generate every new iteration Random All vectors deleted
every iteration

Random selected
vector (RS)

Randomly select from the vector
deleted from B2

Use first set of
trial vectors Randomly deleted

After the selection process, Equation (17) is used to decide whether the local search should be
applied in that iteration.
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3.5. Local Search

The local search was applied with three types of vectors: best vector (BV), second best vector, (B2),
and randomly selected vector (RS). The probability of performing the local search can be calculated
using Equation (17). When NY is the number of iterations, then the global best solution cannot
be improved.

Plocalsearch =
NY

MaxIteration
(17)

The swap algorithm will be applied to all three sets of vectors when we carry out the local search.
For example, we have a current vector, as shown in Figure 3. If the swap is performed on sugarcane
field positions 1 and 3, harvester sets 1 and 4, and drivers 2 and 5. Then new vectors for each item
are obtained.
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From Figure 3, we can see that only the field number is rearranged and the value in every position
remains the same. Therefore, after applying the decoding method, the solution changes. The swap
will be applied to every entity or position of a vector. A decoding method is always applied to a pair
of vectors that have been swapped. The same process is applied for BV, B2, and RS vectors. In total,
3 × NP vectors are searched, and the best NP vector is used as the new target vector in iteration G + 1.
The current BV, B2, and RS are newly initialized whenever the local search is performed. The modified
DE is concluded in Figure 4.
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4. Computational Framework and Results

The proposed heuristics was coded in Dev C++ using a PC with Intel Core i3 CPU 3.70 GHz Ram
DDR4 8 GB. The parameters of the proposed heuristics were set to be the same as in the literature
(Pitakaso and Sethanan (2016)), which is Cr = 0.8, F = 1.5, and NP = 10. 9. Randomly generated data
were formed and tested for the effectiveness of the algorithm by comparing with the best solution and
the lower bound obtained from Lingo v.11. The case study was executed as 15 cases. The details of the
test instances are given in Table 10.

Table 10. Characteristics of test instances and case study.

#Instances #Fields #Harvesters #Drivers #Instances #Fields #Harvesters #Drivers

1 6 4 5 6 20 21 22
2 6 5 5 7 25 27 23
3 15 13 12 8 30 23 26
4 15 16 18 9 35 28 35
5 20 19 23 Case study 73 62 69

The number of fields ranges from 6 to 73 to represent small to large problems. The numbers of
harvester sets and drivers were selected to represent all cases. For example, the number of harvester
sets could be higher or lower than the number of fields, and the number of drivers could be higher or
lower than the numbers of fields and harvester sets. The number of harvester sets ranges from 4 to
62, and the number of drivers ranges from 5 to 69. Table 11 shows the values of parameters used in
this proposed problem. In this case study, the minimum and maximum number of each parameter is
selected from the real maximum and minimum value.

Table 11. Values of parameters.

Parameter Min Value Max Value Parameter Min Value Max Value

Ak 20 120 Ri 0.6 1.4
bk 0.6 1.5 Pi 0.7 1.5
Ej 80 210 Tj 6 14
Uj 1.0 1.7

The proposed problem is solved by using three DE algorithms, DE-1, DE-2, and DE-3,
characteristics, which are shown in Table 12.

Table 12. Definitions of Lingo v.11 solutions and the proposed algorithm.

Algorithm Min Value

L1 Optimal solution obtained from Lingo
LU Upper bound of Lingo given within 96 h
LB Best solution given by Lingo within 96 h
DE Original DE

MDE-1 Modified DE without a local search
MDE-2 Modified DE with a local search
MDE-3 MDE-2 without using RV
MDE-4 MDE-2 without using BV

Table 12 gives details and definitions of the simulation test. Lingo v.11′s limited maximum time is
96 h or 5760 min, and the DE and MDE’s stopping criterion is the number of iterations, which was
set at 1000. The solution of the test instances is shown in Table 13. The best solution generated from
each method is recorded. In this case, Lingo v.11 can find the optimal solution before 5760 min of
computational time is recorded. For the proposed heuristics, the best solution generated during 1000
iterations is recorded, and the computational time of 1000 iterations is shown in Table 13.



J. Open Innov. Technol. Mark. Complex. 2019, 5, 5 15 of 20

Table 13. Profit generated from different methods.

#Instances Type L1 LU LB DE MDE-1 MDE-2 MDE-3 MDE-4

1 Profit 102,954 102,954 102,954 102,954 102,954 102,954 102,954 102,954
Comp 1.45 1.45 1.45 1.1 1.1 1.3 1.2 1.2

2 Profit 176,097 176,097 176,097 176,097 176,097 176,097 176,097 176,097
Comp 10.31 10.31 10.31 3.5 3.9 4.12 4.01 4.03

3 Profit N/A 359,128 332,591 341,258 347,217 351,831 346,136 346,283
Comp 5760 5760 5760 5.88 5.98 6.43 6.32 6.36

4 Profit N/A 479,129 438,219 441,258 445,981 467,193 451,821 450,562
Comp 5760 5760 5760 4.23 5.12 5.89 5.43 5.41

5 Profit N/A 589,182 559,129 560,821 568,127 579,812 568,213 568,129
Comp 5760 5760 5760 13.43 15.43 16.23 15.89 15.81

6 Profit N/A 678,684 632,152 642,518 647,561 667,246 653,412 652,954
Comp 5760 5760 5760 21.56 22.15 24.32 23.59 24.12

7 Profit N/A 741,282 711,242 722,568 724,125 731,562 728,159 727,151
Comp 5760 5760 5760 23.34 25.45 26.75 25.61 25.89

8 Profit N/A 812,875 789,822 792,831 799,284 806,542 800,212 800,512
Comp 5760 5760 5760 30.12 33.54 35.42 34.18 34.03

9 Profit N/A 1,192,123 1,042,318 1,082,675 1,091,786 1,130,941 1,100,878 1,100,765
Comp 5760 5760 5760 45.54 48.43 50.23 49.54 50.14

Case study Profit N/A 2,812,411 2,524,612 2,618,124 2,627,619 2,684,982 2,635,124 2,649,218
Comp 5760 5760 5760 60.43 65.89 70.73 69.45 68.76

Table 13 shows the computational results of 10 test instances. To have a better conclusion,
the paired t-test was used to check the differences of each method. The results of the statistical tests
are shown in Table 14.

Table 14. Statistical test results (paired t-test).

LB DE MDE-1 MDE-2 MDE-3 MDE-4

LU > 0.026 > 0.066 > 0.025 > 0.043 > 0.029 > 0.025
LB - < 0.048 < 0.027 < 0.017 < 0.022 < 0.028
DE - - < 0.001 < 0.005 < 0.0001 < 0.006

MDE-1 - - - < 0.009 < 0.011 < 0.036
MDE-2 - - - - > 0.011 > 0.005
MDE-3 - - - - - = 0.221

From Table 14, we can see that all proposed heuristics give better solutions than the best solution
obtained from Lingo v.11 (LB). We can conclude from Table 14 that the order of algorithms from the
best to worst performing methods is MDE-2, MDE-3, MDE-4, MDE-1, and DE. There is no evidence
to show that MDE-3 and MDE-4 are different from one another, but they are different from all the
other heuristics.

At this point, we discovered why each of the proposed heuristics is different. We use the
computational time to plot and visualize the evolution of using computational time of each proposed
heuristic using Lingo v.11, and the results are shown in Figure 5.

From Figure 5, we can see that Lingo v.11 computational time exponentially increases as the size
of the problem increases, while, for DE and MDE, the computational time gradually increases, but the
growth is relatively low.

Figure 6 shows the evolution of the proposed heuristics in finding a solution when the iteration
is longer.
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From Figure 6, we can see that the general DE is the worst heuristic to find a satisfactory solution.
This because the DE does not have the guide from the best solution. The current target vector has a
good algorithm search for the good solution, but it did not improve the solution quality. The second
worst solution is MDE-1, which is the DE that uses the guide from the good solution (BV-vector), but it
does not have a local search. We can see from the behavior of this algorithm that it can always find
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better solutions, but, when finding a new solution, the solution quality stays the same and does not
change so much. This means that the algorithm is guided by the good solution (BV-vector) and also
escapes from the local optimal (RV-vector). However, the solution does not change much each time it
finds a better solution. MDE-2, MDE-3, and MDE-4 perform similarly to one another, since they can
often find new solutions. However, the only difference is that MDE-4 seems to change less often when
finding the new best solution due to the fact that it does not use the guide from the best vector (BV).
It introduces only the random vector to the current vector, and, therefore, the guide to a good area,
which allows the local search to perform better. This is lost from the algorithm. MDE-3 can find a good
solution in a very short amount of time, and when it finds a good solution, it sticks to that area long
before it can find a new best solution. The reason for this is that it sticks onto the local optimal since it
is the fastest converse heuristic, which comes from the guide of the best vector (BV) to a good area
but does not introduce the random vector (RV) to escape from the local optimal. Therefore, it loses its
diversification. Lastly, MDE-2 is the compensation of MDE-3 and MDE-4 and has both diversification
and intensification behavior. Hence, MDE-2 outperforms all other proposed heuristics in finding a
good solution.

Fuel consumption is one of the main expenses for harvesting. According to the results above,
three strategies are presented here to reduce the total cost. (1) The change harvesters that are already
in use for more than five years, which can reduce the energy consumption rate affected by the engine
(Uj = 1.0 for all J), (2) train all drivers so they have an experience level of at least 1.0, and (3) change
engines and train drivers (combination of 1 and 2). Strategy 1 requires an investment of 15,000,000 baht.
Strategy 2 requires an investment of 5,000,000 baht, and strategy 3 requires 20,000,000 baht. We used
MDE-2 to execute these three strategies and calculate break-even points (days), as shown in Table 15.

Table 15. Break-even (days) for three proposed strategies.

Current Cost Change Engines Train Drivers Change Engines + Train Drivers

Case study 2,684,982 2,646,689 2,641,245 2,621,451
Investment - 15,000,000 5,000,000 20,000,000
Diff–Profit - 38,293 43,737 63,531

Break-even(days) - 391.716502 114.319684 314.806945

From Table 15, the most beneficial strategy for the company is to train drivers because it only
needs 114,319 days to return all investment. Nonetheless, this strategy deals with human beings, which
involves more factors that have to be taken into account, such as emotions and intelligence of the
drivers (not everyone can be trained). Changing engines needs 391,716 days to return all investments,
which is not long. After that, in up to five years, it will generate profit for the company.

5. Conclusions and Outlook

This paper presents a methodology to solve a special case of the generalized assignment problem
(S-GAP). The problem is composed of assigning drivers to harvesters and then harvesters to sugarcane
fields in order to maximize daily profit. The drivers have different levels of experience, which means
they have a different capability to harvest sugarcane and different levels of daily wages. The harvesters
have been used for different periods of time, which affects their fuel consumption rate. Harvesters
have different sizes and different capacities to harvest sugarcane. Assigning workers to harvesters can
change the fuel usage and harvest rate of the harvesters.

We developed a mathematical model and solved the problem optimally by commercial
optimization software. It can only solve a very small problem (see Table 14). Five heuristics have been
presented to solve the problem more effectively for a larger size of test instances. One of these five
methods is the differential evolution algorithm and the other four are modified differential evolution
algorithms MDE-1, MDE-2, MDE-3, and MDE-4. MDE-1 uses Equations (12)–(14) to generate the
mutation vector, which is the product of BV-vectors, RV-vectors, and TV-vectors, instead of using only
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TV-vector, like the original DE. The probability of using the best vector (BV), the random vector (RV),
and the target vector (TV) in the mutation process employs the idea of the attractiveness of each group
of vectors. MDE-2 is MDE-1 with a swap algorithm added to the mechanism. The swap will be the
probability to commence. The probability of using swap increases when the number of iterations that
the new best solution uses rises.

The computational result shows that when Lingo v.11 finds the optimal solution, all proposed
heuristics can also find the optimal solution, but they use less computational time. When the size of
the problem increases, the capability of Lingo finding the solution reduces. The computational time
of Lingo v.11 exponentially increases, while that of the other proposed heuristics slightly increases.
Comparing all proposed heuristics, MDE-2 is significantly better than all the others due to the fact
that it has both diversification (the use of RV-vector) and intensification (the use of BV-vector and
local search).

The local search, which is applied to three sets of vectors, best vector (BV), second best vector
(B2), and randomly selected vector (RS), is helpful. It increases the solution quality of the proposed
heuristics. MDE-1 is the only MDE that has no local search, and it generates a worse solution than the
other methods.

Moreover, we tried to increase daily profit by presenting three management strategies: (1) change
all harvesters that are more than five years old, (2) train drivers to reach the maximum capacity,
and (3) use a combination of 1 and 2. Each strategy requires a different investment. The daily profit
was simulated from MDE-2. The increased profit from the original MDE-2 was compared with the
investment of each strategy. The computational result shows that strategy 2 is the best due to the fact
that it has a lower break-even point (it requires the smallest number of days to return the investment),
but it has a weak point since drivers will not always have full working capacity. The drivers may quit
the company if they gain too much of a driving skill. Strategy 1 is within the acceptable break-even
time, which may return all investments within 392 days.

From the computational result, we can conclude that metaheuristics like DE can successfully solve
the proposed problem. The other metaheuristics, which has an excellent search mechanism such as the
polar bear optimization [36], the Dragonfly algorithm [37], and the whale optimization algorithm [38],
should successfully solve the proposed problem. The proposed algorithm can be more interesting if it
can find the maximum profit for the farmers and keep the maximum income for the drivers so that
they are willing to follow the constructed plan. This will turn the proposed problem from GAP to
muti-objective GAP, which is also applicable to solve by DE and other heuristics addressed above.

The article presents very successful algorithms to solve the problem. The sugarcane business is
one out of the most important business in Thailand. Each year, more than 10,000 million Baht circulate
in this business. The algorithm that we propose is not only used to solve the specific problem, but also
can solve the related problem. Enhancing the capability of the algorithm, a good software design is
needed. When the software finished the related business, it can customize the software and share the
license or patent of the developed software. Therefore, it is not limited only in the sugarcane business.
Therefore, the open innovation concept has been applied to the sugarcane and the related business
sector. The goal of open innovative is to be successful in business even if it has rapid changes in the
business environment by buying, sharing, researching, developing, and more. An example of open
innovation research studies can be revealed in Yun et al. [39] and Yun et al. [40].
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17. Woźniak, M.; Połap, D. Hybrid neuro-heuristic methodology for simulation and control of dynamic systems
over time interval. Neural Netw. 2017, 93, 45–56. [CrossRef] [PubMed]

18. Thongkham, M.; Kaewman, S. Methodology to Solve the Combination of the Generalized Assignment
Problem and the Vehicle Routing Problem: A Case Study in Drug and Medical Instrument Sales and Service.
Adm. Sci. 2019, 9, 3. [CrossRef]

19. Savelsbergh, M. A branch-and-price algorithm for the generalized assignment problem. Oper. Res. 1997, 45,
831–841. [CrossRef]

20. Cohen, R.; Katzir, L.; Raz, D. An efficient approximation for the generalized assignment problem. Inf. Process.
Lett. 2006, 100, 162–166. [CrossRef]

21. López Cruz, I.L.; van Willigenburg, L.G.; van Straten, G. Optimal control of nitrate in lettuce by a hybrid
approach: Differential evolution and adjustable control weight gradient algorithms. Comput. Electron. Agric.
2003, 40, 179–197. [CrossRef]

22. Woodcock, A.J.; Wilson, J.M. A hybrid tabu search/branch and bound approach to solving the generalized
assignment problem. Eur. J. Oper. Res. 2010, 207, 566–578. [CrossRef]

23. Osman, I.H. Heuristics for the generalized assignment problem: Simulated annealing and tabu search
approaches. Oper. Res. Spektrum 1995, 17, 211–225. [CrossRef]

24. Diaz, J.A.; Fernandez, E. A Tabu search heuristic for the generalized assignment problem. Eur. J. Oper. Res.
2001, 132, 22–38. [CrossRef]

http://dx.doi.org/10.3390/su9122249
http://dx.doi.org/10.3390/su8090904
http://dx.doi.org/10.1111/itor.12530
http://dx.doi.org/10.1016/j.cie.2018.02.003
http://dx.doi.org/10.1299/jamdsm.2017jamdsm0062
http://dx.doi.org/10.1007/BF01580430
http://dx.doi.org/10.1002/net.3230110205
http://dx.doi.org/10.1016/S0305-0548(96)00032-9
http://dx.doi.org/10.1016/S0377-2217(02)00576-3
http://dx.doi.org/10.1007/s10951-007-0040-x
http://dx.doi.org/10.1287/ijoc.2016.0700
http://dx.doi.org/10.1016/0377-2217(93)E0174-V
http://dx.doi.org/10.3390/mca23040055
http://dx.doi.org/10.1016/j.swevo.2018.01.008
http://dx.doi.org/10.1016/j.neunet.2017.10.009
http://www.ncbi.nlm.nih.gov/pubmed/29153957
http://dx.doi.org/10.1016/j.neunet.2017.04.013
http://www.ncbi.nlm.nih.gov/pubmed/28544890
http://dx.doi.org/10.3390/admsci9010003
http://dx.doi.org/10.1287/opre.45.6.831
http://dx.doi.org/10.1016/j.ipl.2006.06.003
http://dx.doi.org/10.1016/S0168-1699(03)00019-X
http://dx.doi.org/10.1016/j.ejor.2010.05.007
http://dx.doi.org/10.1007/BF01720977
http://dx.doi.org/10.1016/S0377-2217(00)00108-9


J. Open Innov. Technol. Mark. Complex. 2019, 5, 5 20 of 20

25. McKendall, A.; Li, C. A tabu search heuristic for a generalized quadratic assignment problem. J. Ind.
Prod. Eng. 2017, 34, 221–231. [CrossRef]

26. Ghoniem, A.; Flamand, T.; Haouari, M. Optimization based very large-scale neighborhood search for
generalized assignment problems with location/allocation considerations. INFORMS J. Comp. 2016, 28,
575–588. [CrossRef]

27. Özbakir, L.; Baykasoglu, A.; Tapkan, P. Bees algorithm for generalized assignment problem. Appl. Math.
Comput. 2010, 215, 3782–3795. [CrossRef]

28. Tasgetiren, M.F.; Suganthan, P.N.; Chua, T.J.; Al-Hajri, A. Differential evolution algorithms for the generalized
assignment problem. In Proceedings of the 2009 IEEE Congress on Evolutionary Computation, Trondheim,
Norway, 18–21 May 2009.

29. Sethanan, K.; Pitakaso, R. Improved differential evolution algorithms for solving generalized assignment
problem. Expert Syst. Appl. 2016, 45, 450–459. [CrossRef]

30. Pitakaso, R. Differential evolution algorithm for simple assembly line balancing type 1 (SALBP-1). J. Ind.
Prod. Eng. 2015, 32, 104–114. [CrossRef]

31. Sethanan, K.; Pitakaso, R. Differenevolution algorithm for simple assembly line balancing with a limit on the
number of machine types. Eng. Optim. 2015, 48, 253–271. [CrossRef]

32. Dechampai, D.; Tanwanichkul, L.; Sethanan, K.; Pitakaso, R. A differential evolution algorithm for the
capacitated VRP with flexibility of mixing pickup and delivery services and the maximum duration of a
route in poultry industry. J. Intell. Manuf. 2015, 28, 1357–1376. [CrossRef]

33. Akararungruangkul, R.; Kaewman, S. Modified Differential Evolution Algorithm Solving the Special Case of
Location Routing Problem. Math. Comput. Appl. 2018, 23, 34. [CrossRef]

34. Sethanan, K.; Pitakaso, R. Differential evolution algorithms for scheduling raw milk transportation. Comput.
Electron. Agric. 2016, 121, 245–259. [CrossRef]

35. Boon, E.T.; Ponnambalam, S.G.; Kanagara, G. Differential evolution algorithm with local search for
capacitated vehicle routing problem. Int. J. Bio-Inspired Comput. 2013, 7, 321–342.

36. Połap, D.; Woz’niak, M. Polar Bear Optimization Algorithm: Meta-Heuristic with Fast Population Movement
and Dynamic Birth and Death Mechanism. Symmetry 2017, 9, 203. [CrossRef]

37. Mirjalili, S. Dragonfly algorithm: A new meta-heuristic optimization technique for solving single-objective,
discrete, and multi-objective problems. Neural Comput. Appl. 2016, 27, 1053. [CrossRef]

38. Sun, W.-Z.; Wang, J.-S.; Wei, X. An Improved Whale Optimization Algorithm Based on Different Searching
Paths and Perceptual Disturbance. Symmetry 2018, 10, 210. [CrossRef]

39. Yun, J.J.; Jeong, E.; Lee, Y.; Kim, K. The Effect of Open Innovation on Technology Value and Technology
Transfer: A Comparative Analysis of the Automotive, Robotics, and Aviation Industries of Korea.
Sustainability 2018, 10, 2459. [CrossRef]

40. Yun, J.J.; Won, D.; Park, K. Dynamics from open innovation to evolutionary change. J. Open Innov. Technol.
Mark. Complex. 2016, 2, 1–22. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.1080/21681015.2016.1253620
http://dx.doi.org/10.1287/ijoc.2016.0703
http://dx.doi.org/10.1016/j.amc.2009.11.018
http://dx.doi.org/10.1016/j.eswa.2015.10.009
http://dx.doi.org/10.1080/21681015.2015.1007094
http://dx.doi.org/10.1080/0305215X.2015.1005082
http://dx.doi.org/10.1007/s10845-015-1055-3
http://dx.doi.org/10.3390/mca23030034
http://dx.doi.org/10.1016/j.compag.2015.12.021
http://dx.doi.org/10.3390/sym9100203
http://dx.doi.org/10.1007/s00521-015-1920-1
http://dx.doi.org/10.3390/sym10060210
http://dx.doi.org/10.3390/su10072459
http://dx.doi.org/10.1186/s40852-016-0033-0
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Problem Definition and Mathematical Model for Special Case of the Generalized Assignment Problem 
	Problem Definition 
	Mathematical Model 

	Proposed Heuristic 
	Generating the Initial Solution and Decoding Method 
	Initial Solution 
	Decoding Method 

	Mutation Process 
	Recombination Process 
	Selection Process 
	Local Search 

	Computational Framework and Results 
	Conclusions and Outlook 
	References

