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Abstract: Background: This research aimed to establish a network linked to generation, for the
transport route of tapioca starch products to a land port, serving as the logistics hub of Thailand’s
Nakhon Ratchasima province. Methods: The adaptive large neighborhood search (ALNS) algorithm,
combined with the differential evolution (DE) approach, was used for the problem analysis, and this
method was named modified differential evolution adaptive large neighborhood search (MDEALNS)
is a new method that includes six steps, which are (1) initialization, (2) mutation, (3) recombination,
(4) updating with ALNS, (5) Selection and (6) repeat the (2) to (5) steps until the termination condition
is met. The MDEALNS algorithm designed a logistics network linking the optimal route and a suitable
open/close factory allocation with the lowest transport cost for tapioca starch. The operating supply
chain of tapioca starch manufacturing in the case study. The proposed methods have been tested with
datasets of the three groups of test instances and the case study consisted of 404 farms, 33 factories,
and 1 land port. Results: The computational results show that MDEALNS method can reduced the
distance and the fuel cost and outperformed the highest performance of the original method used
by LINGO, DE, and ALNS. Conclusions: The computational results show that MDEALNS method
can reduced the distance and the fuel cost and outperformed the highest performance of the original
method used by LINGO, DE, and ALNS.

Keywords: dry port; logistics network; modified differential evolution adaptive large neighborhood
search; tapioca starch; location routing problem

1. Introduction

Customs, border protection, and other inspection organizations tasked with upholding
the national laws that govern land ports determine whether or not there are checking
stations. Land ports comprise land, structures, parking areas, and onsite streets that form
inland ports. Land ports, however, are used to collect products for export to a foreign
customer or end market; they operate similarly to an export border, but are located inland,
within a country.

Products are transported to inland, or land, ports using vehicles, which land ports
use to provide people with services and to receive cargo from inland, road, and rail
transportation. This is the main objective of land ports. Loading and unloading operations
are linked to transportation systems and services. In the past, harbor processes involved
boarding or disembarking people from ships, which were only used for passenger services,
and although this is still the case, the situation has changed. Product freight services involve
handling and storage procedures. The group integration of numerous inland ports could
be strengthened in the emerging multimodal transport systems, so that they become linked
to transport nodes and have the function of product collection for export and import. A
new freight transportation system for large containers has been developed for global trade
containerization. Seaports have improved the transport system for the export of millions
of containers, and has become necessary to generate a number of links with distant lands
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for this export. Rail, road, and inland waterway transport are included in this transport
system [1–3]. The choice of the dry port location determines the container transport
approach, empty container displacement, volume discounts, and suitable routing, which
can optimize the inland logistic system [4]. The operational suitability of organizations
is determined by the overall costs and total exportation, for which the multi-objective
mixed-integer programming model was developed and put into practice. Several studies
have investigated the management issues of dry ports, such as container optimization,
container management, and container repair scheduling [5–11]. Strategic planning and
decision making have been the main focus of researchers for the improvement of dry ports.
Roso et al. [5] mention the importance of dry ports in rational apportionment, highlighting
the functional relationship between a dry port and a seaport in linking operations together,
such as the development of a number of spatial configuration options [12]. Previously,
Rahimi et al. [13] developed an architecture for a modern transportation network based
on dry ports, with a certain amount of crowd and contamination reduction. Henttu and
Hilmola [14] conducted research and solved the problem of the effect of the number of dry
ports on economic advantages.

However, the selection of a dry port location depends on several conditions, such as
whether it is inland or international. Nguyen and Notteboom [15] mentioned an approach
for the selection of a dry port for development in Vietnam, based on multiple criteria, and
the main criteria included the users, investors, or operators, and considerations of the
community. These criteria were analyzed using multi-attribute decision making (MADM),
to rank the best dry ports, and the two dry port locations that were shown to influence
economic development were in Lao Cai and Phu Tho provinces. According to [16], the
factors that affect dry port allocation are techniques, technology, organizations, ecology,
IT, the economy, legalities, and regulations and specifications. The analytical hierarchy
process (AHP) approach has been used for the allocation of dry ports. These conditions
influenced the generation of dry port locations in the strategic EU TEN-T transport-linked
routes to the seaport of Rijeka. However, the increase in factors has resulted in a complex
problem, and it is difficult to conduct a data analysis for the selection of suitable dry
port locations. A combination of methods is an approach used to solve problems with
a large number of factors. Tadić et al. [17] presented a selection of dry port terminal
locations using hybrid grey and multi-criteria decision making (MCDM) based on the
analytical hierarchy process (AHP) and combinative distance-based assessment (CODAS).
The conceptual conditions that must be considered for the selection of dry port terminals are
the environment, economy, and social sustainability. The current market conditions indicate
three suitable locations for dry port terminals; namely, Zagreb, Ljubljana, and Belgrade.
Additionally, [18] presented a combination of three methods, comprising a confirmatory
factor analysis (CFA), a measurement of attractiveness using a categorical-based evaluation
technique (MACBETH), and a preference ranking organization method for the enrichment
of evaluations (PROMETHEE), in order to generate a mathematical model to solve the
problem of dry port selection in southern Thailand. The railway in Phatthalung province
was chosen as the new railway for dry ports, for the import and export of products. The
mathematical model could effectively solve the location selection problem of dry ports and
had a high level of performance.

Moreover, the improvement of the transport system in dry ports has been studied by
many researchers. For example, in 2012, Monios and Wilmsmeier improved the transport
system of large ships, by rebuilding the transport chain [19]. Moreover, Ambrosino and
Sciomachen [20] studied the problem of the location of dry ports in multi-modal transport
sections, and this led to the exploration of the transportation methods of road and rail
together. In order to increase the performance of dry port locations, Wang, Chen, and
Huang [21] determined a suitable location for a dry port, in an attempt to increase perfor-
mance in the transport system, by closing the current dry ports in unsuitable locations and
opening new ones.
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All the above studies used an approach to problem solving based on mathematical
programming and other mathematical models. Moreover, Wei, Hairui, and Dong [22]
presented a new cross-border logistics network, which links the seafaring logistics network
to the inland cross-border logistics network via dry ports. Furthermore, the organizational
optimization problem has been studied, regarding the import and export of goods inland in
manifold network scenarios, using the genetic algorithm (GA) method as a solution to the
problem. In previous research, the split vehicle routing problem of deliveries and pickups
for inland container shipping in dry-port-based systems was addressed. A local search
using the greedy approach and Tabu search were used to generate a data analysis model.
The results could help in the decision-making process for inland terminals [23]. Moreover,
several heuristics approaches have been used for allocation and logistics problem solving
and have shown high performance. For example, the modified differential evolution (MDE)
algorithm based on the DE approach has been used to solve the allocation of rubber fields
for latex import and the fuel consumption of trucks under different road conditions. The
MDE could generate a solution 13.82% better than the original DE approach in testing [24].
The authors of [25] reported the tabu search and simulated annealing methods in the
problem solving of location-inventory-routing problems in a closed-loop supply chain
(LIRP-CL), with consideration of random demands and random returns from customers, to
minimize the total costs of the system. This hybrid heuristic could generate network vehicle
routes for product delivery, while effectively lowering the system’s total cost. Moreover, the
authors of [26] created a modified version of the resistive grid path planning methodology
(RGPPM) technique for planning product deliveries, so that this technique could reduce
the route distance to 45% of the old route. The method of particle swarm optimization
was used to solve the vehicle routing problem with cross-docking and decrease the carbon
emissions in the transport of logistic systems. This method demonstrated a decrease vehicle
distances, which could reduce the cost of the process for both pickup and delivery, as well
as the cost of CO2 emissions in logistic and supply chain planning [27].

An improved method has been proposed to solve the vehicle routing problem with
time windows (VRPTW), with a modified choice function (MCF) based on the adaptive
large neighborhood search (ALNS) method, and this is called the modified adaptive large
neighborhood search (MALNS) method. In a previous study, this method showed an error
in its computational results of 1.95%, making it well-suited for this problem [28]. Further-
more, in a previous study, a tourist route planning problem was solved by improving the
local search based on ALNS, and this improved approach is called the MALNS approach.
The result of the computations showed a high performance and a result error of 0.05%,
when compared with the original method [29]. Moreover, a two-phase method, with the
fuzzy c-means clustering method (FCM) and GA, was used to solve the network generation
of optimal intermodal nodes and routes for transport in the Bohai Rim region. The result of
the creation of this transport network increased the performance of sustainable transport in
other regions of China [30]. According to the approach of hybrid and self-adaptive differen-
tial evolution (HSADE) algorithms, the multi-depot vehicle routing problem, which caused
an egg distribution problem in Thailand, could be solved. This method could improve the
total cost by 14.13% [31]. These computational methods modified how the solution was
achieved, showing higher analysis effectiveness and accuracy than the original approach.
Therefore, the determination of the method is important to find the exact solution, which is
considered within complex data analyses.

The product transport routes in Thailand are linked by routes to several provinces, for
export to other nations. Improvements in logistic and supply chain systems are important
for the development of economic and transport infrastructure. The government of Thailand
chose Nakhon Ratchasima province as the location to build a land port/dry port, so that
agriculture and industrial products could be transported to the seaport on Thailand’s
border [32]. Therefore, the logistics route, seaport location, and export transit path of
Thailand’s border provide a link to the Nakhon Ratchasima dry port (NR-DP) [33]. Nakhon
Ratchasima province is the pink area in the map displayed in Figure 1. This province
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was chosen as it is in the center of Northeast Thailand and has several industries, such
as agriculture. Thus, many raw materials from other areas are transported to Nakhon
Ratchasima province for product manufacturing and product transportation to land ports
within a short distance, with low transport costs. The allocation of factory locations for the
agricultural products received from farmers is necessary for production and export.

Logistics 2022, 6, x FOR PEER REVIEW 4 of 23 
 

 

Thailand’s border [32]. Therefore, the logistics route, seaport location, and export transit 
path of Thailand’s border provide a link to the Nakhon Ratchasima dry port (NR-DP) 
[33]. Nakhon Ratchasima province is the pink area in the map displayed in Figure 1. This 
province was chosen as it is in the center of Northeast Thailand and has several industries, 
such as agriculture. Thus, many raw materials from other areas are transported to Nakhon 
Ratchasima province for product manufacturing and product transportation to land ports 
within a short distance, with low transport costs. The allocation of factory locations for 
the agricultural products received from farmers is necessary for production and export. 

 
Figure 1. Transport Route of NR-DP. 

However, the selection and allocation of the factory point from which goods are re-
ceived from the industry and farmers is difficult, due to the optimal transport routing and 
costs in logistic and supply chain systems. Several factories in Nakhon Ratchasima have 
shown capacity performance with no differences, and farmers could not select a product 
transportation method for transport to a suitable factory with the lowest costs and best 
product damage reduction. Therefore, the product delivery for farmers should be consid-
ered. Moreover, the supply chain of exports is an industry that involves manufacturing 
and product transportation to land ports. Selecting a suitable route is a problem of trans-
portation, due to the decreased costs of the logistic system, and which must not be ig-
nored. 

Therefore, this problem becomes an instance of the multi-echelon location-allocation 
problem. The relative linking goal of networks is to maintain a low transport cost in the 
supply chain. The objective and contributions of this research were the development of a 
new heuristic algorithm that can be used to solve the optimal network linking transport 
problem of NR-DP, with the lowest transport costs, and the capacity of the factory that is 

Figure 1. Transport Route of NR-DP.

However, the selection and allocation of the factory point from which goods are re-
ceived from the industry and farmers is difficult, due to the optimal transport routing
and costs in logistic and supply chain systems. Several factories in Nakhon Ratchasima
have shown capacity performance with no differences, and farmers could not select a
product transportation method for transport to a suitable factory with the lowest costs and
best product damage reduction. Therefore, the product delivery for farmers should be
considered. Moreover, the supply chain of exports is an industry that involves manufac-
turing and product transportation to land ports. Selecting a suitable route is a problem
of transportation, due to the decreased costs of the logistic system, and which must not
be ignored.

Therefore, this problem becomes an instance of the multi-echelon location-allocation
problem. The relative linking goal of networks is to maintain a low transport cost in the
supply chain. The objective and contributions of this research were the development of a
new heuristic algorithm that can be used to solve the optimal network linking transport
problem of NR-DP, with the lowest transport costs, and the capacity of the factory that is
open/closed to receiving products, using modified differential evolution with the adaptive
large neighborhood search (MDEALNS) algorithm.

This paper is organized as follows: Section 2 defines the NR-DR problem. The
MDEALNS algorithm approach and computational results are presented in Sections 3–5, as
well as presenting the conclusions and suggestions for further study.
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2. Problem Definition of NR-DP

An important agricultural product of Northeast Thailand is cassava root, which is
a raw material used in industries for the transformation of several products. Tapioca
starch, manufactured from cassava roots, is a product that is transported to the market and
used in the food business and directly consumed by people. In addition, tapioca starch
is extensively used in the paper and textile manufacturing industries, and it is used as a
constituent in products such as seasoning powder and sweeteners.

In Nakhon Ratchasima province, tapioca starch is manufactured for consumer and
export products, and the supply chain of tapioca starch manufacturing consists of 404
cassava farms, 33 tapioca factories, and one land port, as shown in Figure 2.

Logistics 2022, 6, x FOR PEER REVIEW 5 of 23 
 

 

open/closed to receiving products, using modified differential evolution with the adap-
tive large neighborhood search (MDEALNS) algorithm. 

This paper is organized as follows: Section 2 defines the NR-DR problem. The 
MDEALNS algorithm approach and computational results are presented in Sections 3–5, 
as well as presenting the conclusions and suggestions for further study. 

2. Problem Definition of NR-DP 
An important agricultural product of Northeast Thailand is cassava root, which is a 

raw material used in industries for the transformation of several products. Tapioca starch, 
manufactured from cassava roots, is a product that is transported to the market and used 
in the food business and directly consumed by people. In addition, tapioca starch is ex-
tensively used in the paper and textile manufacturing industries, and it is used as a con-
stituent in products such as seasoning powder and sweeteners. 

In Nakhon Ratchasima province, tapioca starch is manufactured for consumer and 
export products, and the supply chain of tapioca starch manufacturing consists of 404 
cassava farms, 33 tapioca factories, and one land port, as shown in Figure 2. 

 
Figure 2. Locations of farmers, factories, and land port. 

The farmers are dispersed around Nakhon Ratchasima, as well as the factories that 
receive the raw materials from these cultivators. Many agriculturists send their products 
to nearby factories, but each factory’s capacity has an unequal demand for raw materials. 
When at full capacity, the factory is closed to receiving materials. Then, the farmer must 
send their product to another factory that is far away, which affects the cost of product 
transportation and the risk of damage. Therefore, factory allocation is important for the 
determination of a factory that is open to receiving products in a case study. The linking 
of logistic networks should be considered. 

Tapioca starch products have a logistics system that starts with the delivery of cas-
sava roots from farmers to tapioca plants. Tapioca starch products are transported to a 
dry port and placed in a container for transport to a seaport or borders for export to other 
countries. 

Figure 2. Locations of farmers, factories, and land port.

The farmers are dispersed around Nakhon Ratchasima, as well as the factories that
receive the raw materials from these cultivators. Many agriculturists send their products
to nearby factories, but each factory’s capacity has an unequal demand for raw materials.
When at full capacity, the factory is closed to receiving materials. Then, the farmer must
send their product to another factory that is far away, which affects the cost of product
transportation and the risk of damage. Therefore, factory allocation is important for the
determination of a factory that is open to receiving products in a case study. The linking of
logistic networks should be considered.

Tapioca starch products have a logistics system that starts with the delivery of cassava
roots from farmers to tapioca plants. Tapioca starch products are transported to a dry port
and placed in a container for transport to a seaport or borders for export to other countries.

Therefore, the 404 farmers consign various cassava products to a tapioca factory, which
is either open or closed to receiving the products depending on the quantity of goods from
the supply farmers. Each plant has a different capacity for processing raw materials into
finished products, and in areas where raw materials are uncertain, hard delivery plan-
ning [34] is used, making the selection decisions for farmers for tapioca transportation to a
suitable factory difficult. This results in the problem of allocating factories as open/closed
to receiving products, including the vehicle routing problem for product delivery from the
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farmer. A conceptual network linking tapioca starch manufacturing logistics is displayed
in Figure 3.
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The creation of a linked network of tapioca starch manufacturing and export should
not be postponed.

3. Modified Differential Evolution with Adaptive Large Neighborhood Search

The Modified Differential Evolution with Adaptive Large Neighborhood Search
(MDEALNS) method is a new meta-heuristic; its structure can be easily understood, and
it presents a simple way of searching for the solution in a large area. It consists of the
following six steps, based on [35]:

(1) Initialization
(2) Mutation
(3) Recombination
(4) ALNS
(5) Selection
(6) Repeat steps 2–5 until the termination condition is met. Figure 4 shows a flowchart of

MDEALNS.
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Figure 4. Flow chart of MDEALNS.

3.1. Initialization

This step consists of creating the initial population to be used in the initialization of
step 1, which generates a set of tracks from Table 1 by selecting track 1, as shown in Table 1.

Table 1. Initialization.

Farmer

Factory 1 2 3 4 5

1 0.23 0.72 0.31 0.68 0.17
2 0.47 0.48 0.41 0.06 0.67
3 0.86 0.49 0.71 0.82 0.83

Initial Population Decoding

This step converts the random numbers in each of the initial vectors to become the
desired objective function value, which is the total transport distance and the cost of fuel
for transportation. The calculation example uses the data in Table 2.
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Table 2. Initial population decoding.

Factory 1 2 3

Demand (tons) 30 40 35

Farmer 1 2 3 4 5

Production capacity (tons) 15 27 28 20 15

Capacity = 15 tons and 30 tons Fuel cost = 35 baht/L
Note: The fuel consumption rate for 15 tons is 4 km/L, and 30 tons has a fuel consumption rate of 3 km/L.

The procedure used to convert the initial vector to the default answer is as follows:
Step 1: The components are divided into two groups; namely, (1) the factory group

and (2) the farmer group, as shown in Table 3.

Table 3. Converting the initial vector.

Farmer

1 2 3 4 5

Factory 0.23 0.72 0.31 0.68 0.17

Step 2: The random numbers in each group are sorted, from the least to greatest, as
shown in Table 4.

Table 4. Sorting random numbers.

Farmer

5 1 3 4 2

Factory 0.17 0.23 0.31 0.68 0.72

Step 3: Once the random numbers in each group are sorted, from the least to the
greatest, farmer group 5 is assigned cassava chips to factory 1 first, and then they select
trucks with capacities of 15 tons and 30 tons by selecting the size. The capacity of the car is
as follows:

(1) Vehicle size with a capacity of 15 tons requires the use of the lower bound of 0.01–0.50.
(2) The 30-ton vehicles are required to use the upper bound of 0.51–1.00.

By choosing the size of the car capacity for the farmer group, one random 0–1 value is
generated. If the random value is less than or equal to 0.05, a capacity of 15 tons is chosen;
and if the random value is more than 0.05, a capacity of 30 tons is chosen. Therefore, other
points are assigned in order, until the farmer makes enough deliveries to meet the needs of
the factory. Table 4 presents the delivery assignment of farmer group 5, with a production
capacity of 15 tons. Then, the capacity of the car is randomly selected with a random value
equal to 0.03, resulting in the capacity of the car being only 15 tons, so it must be shipped
to factory 1. Therefore, because factory 1 is unable to receive delivery from other farmers
and has a demand of 30 tons, the demand is not met. Thus, the delivery of another farmer
is assigned to group 1, because random numbers are selected from the lowest value to
produce a value equal to 15 tons. The value is equal to 0.68, so a capacity of 30 tons is
chosen for delivery to factory 1; and, as another 15 tons have already been received, this
equals 30 tons. When the demand is met, factory 1 is closed for production. Then, deliveries
are assigned to factory 2 for every farmer. We can find the objective value of this initial
vector. By using the distance data in Table 5, the type of capacity data in Table 6 is used in
the calculation.
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Table 5. Distance matrix to convert the answer value.

Factory Farmer

1 2 3 1 2 3 4 5

Factory
1 - 3 16 20 36 45 78 90
2 3 - 18 37 41 87 98 103
3 16 18 - 66 82 107 111 124

Farmer

1 20 37 66 - 98 121 132 144
2 36 41 82 98 - 108 122 167
3 45 87 107 121 108 - 98 135
4 78 98 111 132 122 98 - 153
5 90 103 124 144 167 135 153 -

Table 6. Capacity type matrix to convert the answer value.

Factory Farmer

1 2 3 1 2 3 4 5

Factory
1 - 15 tons 15 tons 30 tons 30 tons 15 tons 15 tons 15 tons
2 15 tons - 30 tons 30 tons 30 tons 30 tons 15 tons 15 tons
3 15 tons 30 tons - 15 tons 30 tons 30 tons 30 tons 15 tons

Farmer

1 30 tons 30 tons 15 tons - 30 tons 15 tons 15 tons 30 tons
2 30 tons 30 tons 30 tons 30 tons - 15 tons 30 tons 30 tons
3 15 tons 30 tons 30 tons 15 tons 15 tons - 15 tons 15 tons
4 15 tons 15 tons 30 tons 15 tons 30 tons 15 tons - 30 tons
5 15 tons 15 tons 15 tons 30 tons 30 tons 15 tons 30 tons -

In Table 7, the objective value is the total distance and fuel cost. By dividing the
distance by the rate of fuel consumption (which depends on the capacity of the car), the
result is the amount of oil used (liters), and then the fuel consumption rate can be divided
by the oil price. This research was set at THB 35 per liter. The result is the cost of fuel used
for each route. The sum of the overall distance objectives is 663 km, and the overall cost of
fuel is THB 6349.58.

Table 7. Objective values.

No. Route Distance (km) Capacity of Car
(tons)

Fuel Consumption Rate
(km/L)

Cost of Fuel
(Baht)

1
Farmer 5-Factory 1 90 15 3 1050.00
Farmer 1-Factory 1 20 30 4 175.00

2
Farmer 3-Factory 2 87 30 4 761.25
Farmer 4-Factory 2 98 15 3 1143.33

3

Factory 4-Farmer 2 122 30 4 1067.50
Farmer 2-Factory 3 82 30 4 717.50
Factory 3-Farmer 2 82 30 4 717.50
Farmer 2-Factory 3 82 30 4 717.50

Total of objective values. 663 6349.58

3.2. Mutation

The mutation process changes the values into coordinates, referred to as the weighting
factor (F), to create a new set of results, and this method was mentioned by Price [36]. This
is used to calculate the mutant vector from Equation (1), as shown in Table 8.

Vi,G+1 = Xbest,G + F(Xri
1,G − Xri

2,G) + F(Xri
3,G − Xri

4,G) (1)

When using F as a weighting factor, Gämperle et al. [37] stated that a value of 0.6 for
the weighting factor (F) is a good initial choice for finding appropriate answers.
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Table 8. Mutation (Vi,G+1), (F = 0.6).

Farmer

1 2 3 4 5

Factory 1 (Target vector (Xi,G+1)) 0.23 0.72 0.31 0.68 0.17
Factory 2 (Target vector (Xi,G+1)) 0.47 0.48 0.41 0.06 0.67
Factory (Mutant vector (Vi,G+1)) 0.26 0.41 0.76 0.04 0.66

Table 8 shows the determination of mutant vectors by randomly selecting five target
vector values from vector 1 in Table 8 by substituting the values into Equation (1). The
selected target vector must not be the same as the default vector that has already been
selected to calculate the mutant vector value, which is the best answer in each model. That
is, the initial vector 2 is the result of calculating the mutant vector of factory 1, which is
0.47 + 0.6(0.31 + 0.72) + 0.6(0.23 − 0.17) = 0.26, etc., where 0.47 is the best answer of the
model. Then, the data in Table 8 is used, and this result is entered into the coordinate
recombination process and the next selection process.

3.3. Recombination

The recombination process increases the diversity of answers, and this step provides
the trial vector as in Equation (2), by means of modifying the values in the coordinates. The
resulting recombination is routed as shown in Table 9. The researchers chose CR = 0.9
because Gämperle stated that CR = 0.9, which is a good starting point for finding a
suitable answer.

Ui, G =

{
X j

i , G otherwise
V j

i , G i f (rand(j) ≤ CR)
(2)

Table 9. Trial vector (Ui,G) (CR = 0.9).

Factory
Farmer

1 2 3 4 5

Target vector random 0.03 0.63 0.97 0.32 0.39
Target vector (Xi,G+1) 0.23 0.72 0.31 0.68 0.17

Mutant vector (Vi,G+1) 0.26 0.41 0.76 0.04 0.66
Trial vector (Ui,G) 0.26 0.41 0.31 0.04 0.66

The procedure for exchanging values in coordinates (recombination) uses the bino-
mial crossover method. Consider and compare the exchange of coordinates as shown in
Equation (2) by randomly selecting numbers between 0 and 1. If the random target vector
is less than or equal to the CR value, choose the value of the mutant vector. If the random
target vector random value is greater than the CR value, select the target vector value. The
exchange results for the coordinates are shown in Table 9.

Table 9 shows the results of the exchange procedure in coordinates using the binomial
crossover method, by considering and comparing the exchange of coordinates, as shown
in Equation (2). This research uses a CR = 0.9. For example, factory 1 has a random target
vector of 0.03, which is less than the CR of 0.9, so choose a value for the mutant vector of
0.66, but if the random target vector is greater than CR, choose a target vector value. For
example, the third farmer has a random target vector of 0.97, which is greater than a CR
of 0.9, so choose a target vector of 0.31. Then, take the trial vector values to arrange the
cassava transport route, as shown in Table 10, by selecting the factory with the lowest trial
vector value and selecting the route first.
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Table 10. Sort the trial vector values in ascending order.

Farmer

4 1 3 2 5

Trial vector (Ui,G) 0.04 0.26 0.31 0.41 0.66

Table 10 shows the arrangement of the trial vector (Ui,G) values, in ascending to
descending order. The assignment starts with farmer group 4, and the production capacity
is 20 tons. Then, randomly select the capacity of the car by randomly obtaining a car size
equal to 15 tons. Only 15 tons are necessary for the delivery of farmer group 4 to factory 1.
Then, return to the transport again. In order to receive more from farmer group 1, in order
to meet the needs of processing factory 1, a car capacity of 30 tons is also required from
farmer group 4, because farmer group 1 randomly selected a car with a capacity of 30 tons.
When factory 1 receives enough cassava chips to meet the demand, then close down the
factory for production. Then, assign all factories.

In Table 11, the objective value is the total distance and fuel cost. By dividing the
distance by the rate of fuel consumption (which depends on the capacity of the car), the
result is the amount of oil used (liters), and then the fuel consumption rate can be multiplied
by the oil price. This research is set at THB 35 per liter. The result is the cost of fuel used for
each route. The sum of the overall distance objectives is 743 km, and the overall cost of fuel
is THB 7551.26. Then, continue with the improvement step (ALNS), as follows:

Table 11. Objective values.

No. Route Distance (km) Capacity of Car
(tons)

Fuel Consumption Rate
(km/L)

Cost of Fuel
(Baht)

1
Farmer 4-Factory 1 78 15 3 910.00
Farmer 4-Factory 1 132 30 4 1155.00
Farmer 1-Factory 1 20 30 4 175.00

2

Farmer 1-Farmer 3 121 15 3 1411.67
Farmer 1-Factory 2 37 15 3 431.67
Farmer 3-Farmer 2 108 30 4 945.00
Farmer 2-Factory 2 41 30 4 358.75

3
Farmer 2-Factory 3 82 30 4 717.50
Farmer 5-Factory 3 124 15 3 1446.67

Total of objective values. 743 7551.26

3.4. Adaptive Large Neighborhood Search (ALNS)

Further steps are required to improve this answer, so the researchers applied an
adaptive large neighborhood search (ALNS) method. To obtain the right answer in different,
wider areas, the following steps were carried out (Algorithm 1):

Algorithm 1: Algorithm of Adaptive Large Neighborhood Search

Input: problem instance I
create initial solution Smin = S ∈ S(I)
while stopping criteria not met do

for i = 1, . . . , pu do
select r ∈ R, d ∈ D according to probabilities p

S′ = r(d(S))
if accept(S, S′) then

S = S′

if c(S) < c(Smin) then
Smin = S

adjust the value of the current solution
Return smin
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Step1 is the procedure used to generate the initial possible answer “S”. The values
from the step of exchanging values in coordinates are taken as an initial set of answers, as
shown in Table 12.

Table 12. Initiation of ALNS.

Farmer

4 1 3 2 5

Factory 0.04 0.26 0.31 0.41 0.66

Step 2 is the procedure used to determine the probability of a random initial weight,
which is selected for destruction and repair with the following principles:

Substep 2.1. Destruction (removal): the researcher chooses to destroy all answer types
in the four methods, as follows:

(1) The random removal method is used to randomly select the position of the farmer or
the position of the factory on the exit route, in order to rearrange the route, resulting
in a pattern that destroys the answer, as shown in Figure 5.

Logistics 2022, 6, x FOR PEER REVIEW 12 of 23 
 

 

Return smin 

Step1 is the procedure used to generate the initial possible answer “S”. The values 
from the step of exchanging values in coordinates are taken as an initial set of answers, as 
shown in Table 12. 

Table 12. Initiation of ALNS. 

 
Farmer 

4 1 3 2 5 
Factory 0.04 0.26 0.31 0.41 0.66 

Step 2 is the procedure used to determine the probability of a random initial weight, 
which is selected for destruction and repair with the following principles: 

Substep 2.1. Destruction (removal): the researcher chooses to destroy all answer types 
in the four methods, as follows: 

(1) The random removal method is used to randomly select the position of the farmer 
or the position of the factory on the exit route, in order to rearrange the route, resulting in 
a pattern that destroys the answer, as shown in Figure 5. 

 
Figure 5. Random removal method. 

(2) One route removal is the random destruction of a route that is separate from all 
the other routes, resulting in a pattern that destroys the answer, as shown in Figure 6. 

 

Figure 6. One route removal. 

Figure 5. Random removal method.
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other routes, resulting in a pattern that destroys the answer, as shown in Figure 6.
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(3) Worst removal destroys the answer resulting from the worst answer of the farmer
or destroys the worst answer of the factory, resulting in a pattern that destroys the
answer, as shown in Figure 7.
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(4) Related removal destroys the answer based on the neighboring position relative to
the chosen position being destroyed, resulting in a pattern that destroys the answer,
as shown in Figure 8.
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Substep 2.2: To repair the answer, the researcher used two repair methods.

(1) Greedy insertion is a method of repairing the answer by taking the difference with the
lowest total distance and inserting it again, which results in a new answer, as shown
in Figure 9.
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(2) An exchange route is an answer repair method, which swaps the entire route for a
new, lower cost route by randomly selecting a path for destruction. Once that path is
removed, a new path is created, improving and, thus, repairing the answer, as shown
in Figure 10.
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Step 3: Simulated annealing (SA) method for solution acceptance.
This acceptance step of ALNS has the purpose of making a decision whether to

proceed with the previous answer (S) or with the new answer (S’). If the new answer (S’)
shows a value worse than that of the previous answer (S), accept the new answer (S’).
Moreover, recalibrate the weights to the new answer (S’). If the new answer (S’) shows a
value better than that of the previous answer (S), accept the new answer (S’). All improving

solutions S’ are accepted with e
−( f (s′)− f (s))

t , when t is the temperature of parameter and f is
objective function.

Step 4: The new solution (S’) is returned to the previous answer (S) in the next iteration
by adjusting the weight and the probability of destruction until the solution is repaired;
until a new, better answer is obtained; until the 100th iteration; and until a new answer is
given, as in Tables 13 and 14.
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Table 13. New answer from improved (ALNS).

Farmer

2 1 3 5 4

Factory
(Trial vector) (Ui,G) 0.41 0.26 0.31 0.66 0.04

Table 14. Objective values.

No. Route Distance (km) Capacity of Car
(tons)

Fuel Consumption Rate
(km/L)

Cost of Fuel
(Baht)

1
Farmer 2-Farmer 1 98 30 4 857.50
Farmer 1-Factory 1 20 30 4 175.00

2
Farmer 1-Factory 2 37 30 4 323.75
Farmer 3-Factory 2 87 30 4 761.25

3
Farmer 5-Factory 3 124 15 3 1446.67
Farmer 4-Factory 3 111 30 4 1295.00

Total of objective values. 477 4859.17

In Table 14, the objective value is the total distance and fuel cost. By dividing the
distance by the rate of fuel consumption (which depends on the capacity of the car), the
result is the amount of oil used (L). The fuel consumption rate can then be multiplied by
the oil price. This research is set at THB 35 per liter. The result is the cost of fuel used for
each route. The sum of the overall distance objectives is 477 km, and the overall cost of fuel
is THB 4859.17.

3.5. Selection

This is the process of choosing only the best answers, by comparing the function value
of the trial vector that has undergone the process of improving the answer with the target
vector. If the function value of the trial vector is better than the target vector, it is replaced
by the next version of the trial vector, as in Equation (3), which obtains the next version to
find the best answer, as in Table 15.

Xi,G+1 =
Ui,G+1 i f f (Ui,G+1)≤ f (Xi,G)
Xi,G Otherwise (3)

Table 15. Selection of responses among target vectors.

Farmer

5 1 3 4 2

Factory
(Target vector (Xi,G)) 0.17 0.23 0.31 0.68 0.72

In Tables 15 and 16, the values of the function value of the trial vector that has
undergone the improvement process and the target vector are compared. It appears that
the value of the trial vector gives a better answer. Therefore, choosing a value trial vector is
a good next-generation solution for finding the best solution.
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Table 16. New answer from improved (ALNS).

Farmer

2 1 3 5 4

Factory
(Trial vector (Ui,G)) 0.41 0.26 0.31 0.66 0.04

3.6. Repeating

Repeat steps 2–5 until the termination condition is satisfied, which is set to be equal to
30 min.

4. Computational Results

The MDEALNS algorithm was used to solve the proposed problem and compared
with LINGO version 13 software. We used Visual Studio C# for coding and simulations.
The best objective was compared in cases where the optimal solution was not obtained
within a limited time. The algorithms were tested for five runs, and then the best solution
among the five runs was reported. Each method was set to have 30 min as the stopping
criterion.

The MDEALNS algorithm was tested with datasets for three groups of test instances:
(1) small-sized instances containing 5–10 farmers and 2–3 factories, which have a demand
of less than 50 tons; (2) medium-sized instances containing 11–20 farmers and 4–5 factories,
which have a demand of less than 100 tons, and (3) large-sized instances containing more
than 21 farmers and more than 6 factories, which have a demand of more than 100 tons,
including the case study problems. The computational framework is shown in Table 17.

Table 17. Details of the test instances for MDEALNS.

Instance Farmer Factory Instance Farmer Factory

S1 5 2 M4 15 4
S2 6 2 M5 15 4
S3 7 2 L1 20 6
S4 8 3 L2 40 7
S5 9 3 L3 80 8
M1 10 4 L4 150 10
M2 10 4 L5 200 20

M3 15 4 Case study 404 33

The proposed algorithm consisted of two methods, namely, DE and ALNS. The
combination of these algorithms was named MDEALNS. The details of these algorithms
are shown in Table 18.

Table 18. Definition of the proposed algorithms.

Algorithm Definition of the Proposed Algorithms

DE Differential Evolution
ALNS Adaptive Large Neighborhood Search

MDEALNS Modify Differential Evolution with Adaptive Large Neighborhood Search

Datasets for Solving the Tapioca Starch Logistics Network Problem

The datasets used to solve the tapioca starch logistics network problem were tested,
and the results are shown in Table 19.
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Table 19. Computational results of the instance of datasets.
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S1 35.6 415.3 0.06 Glo.opt 35.6 415.3 0.04 35.6 415.3 0.05 35.6 415.3 0.05
S2 57.8 674.3 0.15 Glo.opt 57.8 674.3 0.04 57.8 674.3 0.09 57.8 674.3 0.09
S3 76.3 890.2 0.05 Glo.opt 76.3 890.2 0.04 76.3 890.2 0.04 76.3 890.2 0.04
S4 88.7 1034.8 0.1 Glo.opt 88.7 1034.8 0.05 88.7 1034.8 0.06 88.7 1034.8 0.06
S5 126 1102.5 0.09 Glo.opt 126 1102.5 0.04 126 1102.5 0.08 126 1102.5 0.08
M1 187.9 1644.1 0.55 Glo.opt 187.9 1644.1 0.04 187.9 1644.1 0.15 187.9 1644.1 0.17
M2 218.4 1911 0.33 Glo.opt 218.4 1911 0.04 218.4 1911 0.18 218.4 1911 0.16
M3 285.3 3296.4 0.6 Boj * 258.6 1313.4 0.25 277.2 2925.5 0.55 279.4 3004.8 0.58
M4 293.1 3419.5 0.68 Boj * 278.3 1737.3 0.81 298.7 3213.6 0.67 305.6 3865.3 0.67
M5 333.7 4546.3 4320 Boj * 302.8 3219.9 0.73 330.4 4246.3 2.01 323.8 4022 1.87

L1 329.5 2883.1 7200 Lower
Bound 308.2 1984.3 3.02 321.4 2782.3 9.67 320.1 2850.9 13.03

L2 734.2 6788.9 7200 Lower
Bound 643.4 6029.5 6.13 975.9 6539.6 14.03 992.5 6689.5 16.53

L3 1067.1 10,208.4 7200 Lower
Bound 843.4 9621.5 8.91 1115.9 10,721.3 15.71 1134.9 11,358.2 17.14

L4 2532.2 21,242.7 7200 Lower
Bound 1275.8 16,040.5 10.23 1485.6 17,908.6 17.42 1572.8 19,389.3 19.81

L5 3644.1 31,583.2 7200 Lower
Bound 2161.3 15,160.5 11.05 2665.9 24,081.6 22.16 2840.8 26,639.4 25.43

Case
study 5221.34 53,301.18 7200 Lower

Bound 4101.78 42,650.56 12.23 4948.18 50,512.67 26.32 5012.38 51,168.05 31.98

Average 2970.2 3.4 6.8 8.0

* Note: Opt is the optimal solution found by LINGO, Boj * is the best objective found by LINGO, and lower bound
was found within 7200 min.

From Table 19, it can be seen that LINGO could find the optimal solution in the
small-sized and medium-sized (M1–M2) instances, but for the medium-sized (M3–M5)
instances, LINGO could only find the best objective, and in the large-sized instance case
study, LINGO could only find the lower bound. However, all the proposed methods could
find the optimal solution within a short time, as shown in Figure 11.
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Figure 11. Comparison between the processing time of Lingo and the proposed algorithm.

The results were analyzed using statistical methods for performance comparison,
as shown in Tables 20 and 21. The results show that all methods were not significantly
different when compared to the solution from LINGO.

Table 20. Statistical test results of the data distance given in Table 19.

MDEALNS DE ALNS

LINGO 0.055 0.180 0.211
MDEALNS - 0.036 0.033

DE - - 0.079

Table 21. Statistical test results of the data fuel cost given in Table 19.

MDEALNS DE ALNS

LINGO 0.050 0.101 0.164
MDEALNS - 0.037 0.033

DE - - 0.053

The results in Table 22 show that LINGO, MDEALNS, DE, and ALNS were significantly
different from each other. It was found that the algorithms presented to MDEALNS, DE,
and ALNS were different from the best solution provided by Lingo, which means that the
proposed algorithm is effective and able to find a good answer to the proposed problems.
The case study consisted of 404 farmers who were assigned to 23 factories. The aim was to
minimize the distances and reduce fuel costs. The computational results of the case study
when using MDEALNS are shown in Tables 22 and 23, and Figure 12.

Table 22. Statistical test results of the data processing times given in Table 19.

MDEALNS DE ALNS

LINGO 0.004 0.004 0.004
MDEALNS - 0.010 0.012

DE - - 0.019
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Table 23. Assignment of farmers to factories, results of the case study.

Route Farmer Factory Capacity
(tons)

Distance
(km)

Fuel Cost
(Bath)

1
1,2,3,4,5,6,7,8,9,10,11,12,13,14,15,16,17,18,
19,20,22,127,132,133,135,136,139,163,225,

226,403,404
1 15 341.76 2990.4

2 28,29,30,33,34,35,36,37,39,40,41,42,43,44,
45,46,49 2 30 157.72 1380.05

3 115,117,118,119,120,121,122,123,124,166,
178,233,234 3 30 174.51 1526.963

4
125,126,128,129,131,134,137,138,140,141,
142,143,144,145,146,147,148,149,150,151,

153,154,281
4 15 362.93 3175.638

5 130,152 5 30 58.34 510.475
6 155,156,157,161,162,277,314,315,316,317 6 30 96.51 844.4625
7 158,159,160 7 15 21.5 250.8333

8
179,180,181,182,183,184,186,187,188,189,
190,191,192,193,194,195,196,197,198,199,

200,201,202,203,204,205,206,207
8 15 135.19 1182.913

9

24,25,26,27,52,53,54,55,56,58,59,60,61,62,
64,65,67,68,70,71,72,73,74,75,77,78,79,80,

81,82,84,85,86,87,88,89,90,91,93,94,96,109,
110,164,165,167,168,169,170,171,172,173,
174,175,177,229,230,231,250,252,254,256,

368,369,372,373,374,375,386,401

9 30 588.82 5152.175

10 267,268,269 10 15 21.56 251.5333
11 275,279,280,283,285,286 11 15 69.76 813.8667

12 208,209,210,211,212,213,214,216,217,218,
219,221,222,223,261 12 15 238.97 2090.988

13 98,99,100,101,111,112,291,295,296,297,
298,299 13 15 80.75 942.0833

14 303,361,362,364,365 14 15 104 910

15 102,103,104,105,106,107,108,113,114,292,’
293,294 15 15 88.23 1029.35

16 300,301,302 16 15 28.71 334.95

17 21,185,227,318,319,320,324,332,333,334,
335,338,339 17 30 157.72 1380.05

18 344,347 18 30 21.24 185.85
19 63,95,330,342,333,389 19 30 64.02 560.175
20 31,32,38,47,48,50,51,345 20 30 115.02 1006.425
21 349,350,351,352,356,357 21 15 32.03 373.6833
22 358,359,363,366 22 30 56.77 496.7375
23 346,348,353,355,360 23 30 23.1 202.125
24 377,378,384,385,391,392 24 30 23.08 201.95

25

57,69,76,92,116,176,232,235,236,237,238,
239,240,241,242,243,244,245,246,247,248
249,251,253,255,305,306,307,308,310,311

312,367,370,371,402

25 30 429.21 3755.588

26 266,270,271,272,273,274 26 15 41.4 483
27 258,259,260,262,263,278,282,287,290 27 15 57.55 671.4167
28 265,276,284 28 15 48.76 426.65
29 215,220,224 29 30 157.1 1374.625
30 288,322,323,326,328,329,337,340 30 15 33.2 387.3333
31 313,325 31 30 148.46 1299.025

32 321,327,379,380,381,382,383,388,393,394
395,396,397,398 32 15 55.34 484.225

33 66,336,341,386,387,390,399,400 33 15 68.52 599.55

Average 4101.78 42,650.56
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Figure 12. Example routes of the case study are assigned to 17 factories.

Figure 12 shows that the example routes in the case study were assigned to 17 factories.
We noted that the budget constraints of the buy–sell price of tapioca starch and the price
of oil grew. We evaluated how they would react if demand grows. The experiment was
carried out on a case study by increasing the demand of 33 factories by 10%, 20%, 30%,
40%, and 50%. The computational results of the shipping cost, total cost, and profit are
shown in Table 24.

As shown in the computational results in Table 24, when the average value of the ad-
ditional demand of factories was adjusted by 10%, 20%, 30%, 40%, and 50% of the shipping
cost, the total cost and profit of MDEALNS surpassed those of the other approaches, in
terms of finding a better solution. The average values of the lower profits using DE, ALNS,
and MDEALNS were THB 21,152.43, THB 21,150.85, and THB 21,160.96, respectively.

Figure 13 shows the average value of profit when the additional demand of the
factories was adjusted by 10%, 20%, 30%, 40%, and 50%.
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Table 24. Computational results addition demand of factories in the case study.

Addition
Demand of

Factories (%)

Demand
(tons)

Sell Cost
(Bath)

MDEALNS DE ALNS

Shipping
Cost

(Bath)

Total Cost
(Bath)

Profit
(Bath)

Shipping
Cost

(Bath)

Total Cost
(Bath)

Profit
(Bath)

Shipping
Cost

(Bath)

Total Cost
(Bath)

Profit
(Bath)

10% 116.00 2,474,280.00 42,742 2,431,538.00 20,961.53 44,107 2,430,173.00 20,949.77 44,562 2,429,718.00 20,945.84
20% 232.01 4,948,773.30 42,987 4,905,786.30 21,144.72 44,766 4,904,007.30 21,137.05 44,987 4,903,786.30 21,136.10
30% 348.01 7,423,053.30 43,073 7,379,980.30 21,206.23 46,323 7,376,730.30 21,196.89 46,732 7,376,321.30 21,195.72
40% 464.01 9,897,333.30 43,152 9,854,181.30 21,237.00 46,298 9,851,035.30 21,230.22 47,008 9,850,325.30 21,228.69
50% 580.02 12,371,826.60 43,329 12,328,497.60 21,255.30 47,422 12,324,404.60 21,248.24 47,612 12,324,214.60 21,247.91

Average 348.01 7,423,053.30 43,057 7,379,996.70 21,160.96 45,783 7,377,270.10 21,152.43 46,180 7,376,873.10 21,150.85

Note: selling price per ton is equal to THB 21,330.
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5. Discussion

This research aimed to establish a tapioca starch logistics network linked to gener-
ation, along the transport route of tapioca starch products to a land port, serving as the
logistics hub of Thailand’s Nakhon Ratchasima province. We presented a modified differ-
ential evolution with adaptive large neighborhood search (MDEALNS) algorithm for the
minimization of distance and fuel cost. This is composed of the following six steps: (1)
initialization by initial population decoding; (2) mutation; (3) recombination; (4) adaptive
large neighborhood search (ALNS); (5) selection; and (6) repetition of steps 2–5 until the
termination condition is met.

Three methods, i.e., MDEALNS, DE, and ALNS, were used to evaluate the perfor-
mance of solving the tapioca starch logistics network problem. The datasets of the three
groups of test instances and the case study consisted of 404 farms, 33 factories, and 1 land
port. The computational output results showed that the MDEALNS method outperformed
the DE and ALNS methods, due to it providing a better answer and taking less time to
process the answer than the other methods.

MDEALNS is a new meta-heuristic concept derived from the DE method structure,
which is easily understood and not complex, and the ALNS method is used to search for a
solution in a large area. Therefore, the combination of the two methods generated the best
answer, making this combination effective in regards to resolving problems.

The MDEALNS method outperformed the best-known previous method (LINGO v.13),
finding the optimal solution of datasets for the three groups and the case study. LINGO
could only find the best objective and lower bound within 7200 min, but the MDEALNS
method could find the optimal solution within an average time of 2.5 min. The case study
results show that the proposed MDEALNS method reduced the distance to 4101.78 km and
the fuel cost to THB 42,650.56. When the constraints of the factories’ additional demands
were increased by 10%, 20%, 30%, 40%, and 50%, the MDEALNS method achieved a higher
profit than the DE and ALNS methods.

Future research should also study factors that are more complicated in the tapioca
starch logistics network problem, such as the different types of roads used for delivery, e.g.,
narrow roads, which are only suitable for small cars and not for large trucks or trailers; this
factor is related to delivery time. Moreover, the road type is related to the calculation of
the vehicle’s energy consumption rate, by applying the principles of the methods, which
may be in the form of the software or applications used to collect data, the exchange of
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information between organizations that use planning for logistics networks, or solutions to
various problems that occur.
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