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Abstract

Modern factories heavily rely on Automated Material Handling Systems
(AHMSs) for internal logistics. This research aims to tackle the scheduling
problem in the material handling network. We rigorously define the Material
Handling Network Scheduling Problem (MHNSP) with the optimization goal of
minimizing the makespan for a set of transportation jobs. The highlights of our
research are that each job has path flexibility with multiple candidate paths, and the

transfer (conveyor) systems between AHMSs have buffer capacity limits.

We propose three models to solve the MHNSP: a Constraint Programming
(CP) model, an Integer Programming (IP) model, and a Metaheuristic model. The
CP model employs a hierarchical structure to model the constraints between jobs,
paths, and operations, while the IP model directly determines the start time of each
operation. The IP model addresses site buffer constraints by identifying operation
overlaps using pairwise relationships. Finally, the Metaheuristic model utilizes a
discrete-event-based decoding procedure to determine the start time of each

operation.

The models are evaluated through four numerical tests. First, we identify the
best parameters for the Metaheuristic model using the Taguchi method. Next, we
compare the performance of our models using 360 randomly generated numerical
test problems. The results reveal distinct strengths: the IP model is effective for
small problems, while the CP and Metaheuristic models are better suited for larger
problems. Additionally, test results show a significant average makespan reduction
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of about 13% in large-scale problems when each job has multiple candidate paths.
We also evaluate the performance of the CP and Metaheuristic models in
extra-large problems, finding that the CP model consistently provides better
solutions than the Metaheuristic model given sufficient solving time, demonstrating
the potential of CP in real applications. Finally, the identical request test
highlighted that optimal path selection could lead to a 35.7% reduction in

makespan by balancing node workloads and minimizing time spent at transfer sites.

In conclusion, this research underscores the importance of path selection and
operation sequencing in optimizing material handling networks, providing robust

models and comprehensive evaluations to guide future applications.

Keywords: Job-shop Scheduling Problem, Material Handling System, Constraint

Programming, Integer Programming, Metaheuristics, Path Flexibility
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Category Notation Description
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7Tl(k) The [-th candidate path of job J;
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Al Number of delivery operations in the /-th candidate path
of job Jj
1) Candidate path set of job J;

I® = {77 7 .. k)

’ o
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Category Notation Description
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i Node index of delivery operation p
0 Pick-up P/D point index of the delivery operation p
o Drop-off P/D point index of the delivery operation p
l(ﬁ) The transfer site that executes the s-th transfer operation
in the [-th candidate path of job Jj
5t Start time of job J
U Completion time of job Jj
S Start time of an interval variable; s € Z
e End time of an interval variable; e € Z
1 Absence of an interval variable in the solution
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T Set of interval variables of all jobs;
T={N,T5---,T,}
tl(k) Interval variable of the [-th candidate path of job Jj
Ck Set of path interval variables of job J;
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01(,? Interval variable of the s-th delivery operation in the
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g Ol(k) Set of interval variables of all delivery operations in the
s [-th candidate path of job Jj;
0P = ool .o,
A ~§f? Interval variable of the s-th transfer operation in the {-th
2 candidate path of job Jj,
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g candidate path of job J,
Ol(k) Set of interval variables of all transfer operations in the
[-th candidate path of job J;
O = {005 0%, 1}
o((f) Dummy interval variable of the node ¢
X0 Set of interval variables of all delivery operations in
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Yy (® List of interval variable types of all delivery operations
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qﬁyj), Transition time (empty-car moving time) from interval
variable type j to j’ in node ¢
o) Transition time matrix of any pair of interval variable

type on node i; () = {QS;ZH .
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Glossary and Notations

Category Notation Description
@ Set of interval variables of all transfer operations in
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”l(ﬁ,) Start time of the s-th transfer operation in the [-th
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Category Notation Description
l%j Index of the job of the j-th delivery operation
[ j Index of the candidate path of the j-th delivery operation
55 Index of the operation in the candidate path of the j-th
delivery operation
7); Node index of the j-th delivery operation
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2 B® Execution sequence of node .
£ ) Available time of node i.
= L Available time of job Ji.
F Future event list in discrete-event simulation.
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t Event time in the 4-tuple event definition.
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R n/n Flexible/Finite problem type
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Chapter 1

Introduction

In modern manufacturing, Automated Material Handling Systems (AHMSs)
are widely used across the industry. In addition, with the rise of large-scale
factories, internal logistics have become increasingly complex, requiring material
transportation beyond adjacent process machines. In many cases, long-distance
material transportation requires the use of a material handling network, where

multiple AHMSs work sequentially to complete a transportation job.

When multiple material loads need to be transported simultaneously, and
transportation resources in the network are limited, scheduling issues arise.
Therefore, this research focuses on the scheduling problem within the material
handling network, aiming to improve the completion time (makespan) for a set of

transportation jobs.

1.1 Background and Motivation

In the industry, AMHSs are usually controlled and coordinated by the
Material Execution System (MES). Unfortunately, the MES usually adopts a
real-time job dispatching system for material transportation, where no scheduling
is done in advance. For example, an AMHS would only start moving to pick up a
material load from the last stopping position when the load arrives at its I/O port.

However, this no-value-added waiting time is, in fact, unnecessary since the

1 doi:10.6342/NTU202401338
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moving and arrival times of most AMHSs are stable and predictable, unlike

traditional manual transportation.

Previous research has aimed to improve the efficiency of material handling
networks by scheduling operations in AMHSs. However, some crucial factors were
overlooked. For instance, the limited buffer capacity of conveyor (transfer) systems
was often ignored. Additionally, while multiple paths with the same start and end
points usually exist in a network, each transportation job was typically assigned a

fixed path in the literature, neglecting the potential flexibility.

To address these gaps, we will propose the Material Handling Network
Scheduling Problem (MHNSP), which incorporates the overlooked factors. In our
research, a transportation job can be fulfilled by any of the candidate paths, and we
account for buffer capacity within the network. Figure 1-1 illustrates the
motivation behind our research. Our goal is to determine how the makespan can be
improved when the system has greater flexibility in path selection for jobs and
operation sequencing in AMHSs. These flexibilities should enhance the overall
production efficiency of the material handling network in terms of the makespan.
Note that this enhancement may cause an increase in the cost, but we do not
consider this aspect as the MHNSP is a single-objective optimization problem to

minimize the makespan.

In the literature, related research problems have been mostly solved by
Integer Programming, Metaheuristics, Constraint Programming, etc. Therefore, we
will follow their approaches to propose a Constraint Programming model, an

Integer Programming model, and a Metaheuristics model to solve the MHNSP.

2 doi:10.6342/NTU202401338
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Each method is based on a distinct modeling technique, providing a more credible
basis for comparing the solutions yielded by each model and ensuring the
optimality of the results. Additionally, by evaluating these models on various
generated problems, we can identify the strengths and weaknesses of each approach
in different problem types. Finally, we can understand how and how much the

makespan improves by comparing the yielded results in different problem types.

A
Industry
Real-time Job Dispatching System
(heuristics)
S %, Literature
% /”’753‘-,;. Fixed MHNSP
) N (single candidate path)
X N
© ~ /',o
= Yoy,
Ment lever Our research
“-->@ Flexible MHNSP
(multiple candidate paths)
P

Problem Complexity

Figure 1-1. Illustration of the research motivation.

1.2 Research Objectives

This research intends to solve the MHNSP using Constraint Programming
(CP), Integer Programming (IP), and Metaheuristic algorithm (Differential

Evolution). The objectives of our research are:

 Study different modeling techniques to solve the MHNSP. Some key
techniques include the hierarchical structure modeling technique in CP,

buffer capacity modeling in IP, and the discrete-even-based decoding

3 doi:10.6342/NTU202401338
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procedure in the Metaheuristic algorithm.

* Compare the three proposed solving methods in small, medium, large, and
extra-large-scale problems with 5 problem types. Based on the results, we
can provide a guideline for choosing the suitable method for different

problem settings.

* Understand how the makespan can be improved when considering more

candidate paths for each transportation job.

1.3 Research Procedure

The procedure of our research is outlined in the flow chart in Fig. 1-2. As
illustrated, we need to iteratively refine and redefine the MHNSP so it can be
solved using mathematical programming models while maintaining its practical
applicability. In addition, since the three models involve distinct modeling
techniques, we must compare the results to ensure the correctness of each model
and the feasibility/optimality of the yielded solutions. Finally, since there are
thousands of generated problems involved in our numerical tests, we need to
organize the numerical results and convert them into meaningful statistics. This
process requires data analytics techniques to effectively interpret and present the

data.

4 doi:10.6342/NTU202401338
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Choose the
research topic

Literature review &
modeling technique study

l
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|

Propose the benchmark problem
generation procedure.

|

Propose the CP, IP, and
Metaheuristics model.
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Metaheuristics model.
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Yes
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generate corresponding
benchmark problems.
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Organize the numerical results in
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the thesis.

Revise the mathematical
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of the MHNSP.

4

Figure 1-2. Flow chart of our research procedure.
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1.4 Organization of the Thesis

We have discussed our research problem, objectives, procedure, and
contributions in Chapter 1. In Chapter 2, we will introduce related research and
provide a review of Constraint Programming. Next, in Chapter 3, we will formally
define the MHNSP and describe the problem generation procedure for the

numerical tests.

In Chapter 4, we will detail our solving methods. For the CP and IP models,
sections will follow a similar structure, starting with makespan calculation and
then deriving constraints for the jobs, nodes (AHMSs), and sites (transfer
facilities). For the Metaheuristics, we will focus on the encoding scheme and
decoding procedure of the model, followed by an introduction to the metaheuristic

algorithm used in our research, the Permutational Differential Evolution.

The numerical test results and discussion will be presented in Chapter 5.

Finally, we will conclude our research and suggest future topics in Chapter 6.

6 doi:10.6342/NTU202401338



Chapter 2

Literature Review

This chapter reviews related research on the material handling network

scheduling problem (MHNSP) in the literature.

First, we review the pioneering research that studied the scheduling problem
in the material handling network. However, the main drawback was that they did
not account for path flexibility for each job. We will review some related research
in the transportation field to indicate the importance of path flexibility. Beyond the
transportation field, routing flexibility in manufacturing has also been extensively
studied. In particular, the Job-shop Scheduling Problem (JSP) variant with routing
flexibility has a strong connection with our research problem in terms of model
structure. Therefore, we will also review this JSP variant and demonstrate its

analogy to our MHNSP.

Another JSP variant that considers the material handling systems in
scheduling has also been proposed. In their research, Constraint Programming
(CP) has been shown to have great capability in solving large, complex scheduling
problems. Consequently, we will also adopt CP to solve the MHNSP. However,
since Constraint Programming is relatively unknown to most researchers, we will

give an overview of CP in scheduling in the last section of this chapter.
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2.1 Transportation Network Job Scheduling
Problem

The scheduling problem within the material handling network was first
introduced by Lin and Yang [15]. They formally defined the Fixed Transportation
Network Job Scheduling Problem (TNSP) and addressed it using a mixed-integer
linear programming (MILP) model, five heuristic algorithms, and a genetic
algorithm [7]. The TNSP aimed to minimize the makespan, with each
transportation job following a fixed routing path. However, their model did not
account for buffer capacity and transfer time at transfer sites (conveyor systems)
between Automated Material Handling Systems (AHMSs). Their findings
indicated that the genetic algorithm provided the best solutions in terms of
makespan when optimal solutions were unavailable. Even when the MILP model
could solve the problem, the genetic algorithm’s results had the smallest gap to the
global minimum compared to other heuristic methods. Compared to our research,
the TNSP is a specific case of the Material Handling Network Scheduling Problem
(MHNSP). As will be discussed in Section 3.2.4, the TNSP corresponds to the
1/0c problem type in our notation, where transfer time is set to zero, and buffer

capacity limits are ignored.

The main drawback of Lin and Yang’s work is their lack of consideration for
multiple candidate paths for each job (path flexibility). Studies have demonstrated
that path/routing flexibility can significantly enhance system efficiency and

reliability.
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2.2 Importance of Path Flexibility in Transportation

This section reviews three recent works in the transportation field that
incorporated path flexibility. All three research suggested that flexibility in path

selection could enhance the efficiency of the systems.

Grof} et al. [5] addressed the problem of reliable and cost-efficient routing in
city logistics. They contended that traditional vehicle routing approaches using
precomputed shortest paths based on average travel times failed to account for the
variations and uncertainties in travel times due to fluctuating traffic volumes and
limited infrastructure. Therefore, they adopted the k-Shortest-Paths (KSP)
algorithm to compute a set of alternative routes between customer locations and
used the min-max regret approach [11] to select the most reliable candidate path.
The result showed that this approach yielded a slightly higher total travel time than
the standard average (shortest path) model but achieved much fewer time window

violations.

Huang et al. [9] studied the time-dependent vehicle routing problem
(TDVRP) by introducing the concept of path flexibility (PF). Traditional vehicle
routing problems typically did not account for the varying traffic conditions and the
multiple possible paths between customer locations, which can significantly impact
travel time and fuel consumption. The main research question was how to integrate
path selection in the routing decision-making process under both deterministic and
stochastic traffic conditions to minimize overall operational costs. They proposed
an MILP model for the TDVRP-PF. The TDVRP-PF model (MILP) achieved

considerable savings in operational costs and fuel consumption compared to the
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traditional TDVRP model. The deterministic TDVRP-PF showed 2.14% cost
savings and 6.37% fuel savings. Path flexibility allows for more efficient routing

structures, particularly in scenarios with high variability in traffic conditions.

Guo et al. [6] tackled the challenge of designing efficient urban customized
bus routes. A major issue in current systems was unpunctuality caused by traffic
congestion. To solve this, the authors proposed a methodology for time-dependent
bus route planning that incorporates path flexibility, allowing for different routes
between nodes depending on traffic conditions and demand patterns. They
developed an MILP model and a hybrid heuristic that incorporates the tabu search
and a variable neighborhood search (VNS) procedure. These models integrated
bus route planning, path selection, and passenger assignment to minimize
operating costs, travel costs, route duration costs, and penalties for delays.
Numerical experiments showed that the proposed models effectively integrated
path flexibility, resulting in a significant reduction of up to 15.2 % in cost, 26.5% in
travel time, and 17.5% in travel distance. In their conclusion, incorporating path
flexibility allowed for more adaptable and efficient route planning. This flexibility
led to better utilization of bus capacity, reduced travel times, and minimized delays

caused by traffic congestion.

2.3 Job-shop Scheduling Problem with Routing
Flexibility

Flexibility in path selection has also been widely studied in research

problems in manufacturing. As indicated by Lin and Yang [15], TNSP (or
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MHNSP) has a strong relationship with the Job-shop Scheduling Problem (JSP)
[21]. In a classic JSP, n jobs must be processed on m machines. Each job involves
a specific sequence of operations, each assigned to a particular machine with a
defined processing time. It is assumed that each machine can process only one job

at a time.

Several variants of JSP have been proposed and extensively studied [26].
One closely related variant to our MHNSP is the JSP with sequence-dependent
setup time, sequence-independent setup time, and routing flexibility [2, 3, 8, 10,
18, 19, 20, 24] for flexible manufacturing systems (FMS). In this variant, each job
has multiple process plans (routes) to choose from, and there are setup times
between consecutive operations on a machine (sequence-dependent setup time) and
between consecutive operations in a job’s process plan (sequence-independent
setup time). This type of JSP variant has been solved by ant colony optimization
(ACO) [20], mixed-integer programming (MIP) [2], genetic algorithm (GA) [3],
etc. As concluded by Tsubone and Horikawa [24], routing flexibility showed a
greater reduction in average flow time (AFT) in random job shop environments and
provided superior performance in environments with frequent and long machine

breakdowns.

In our MHNSP, each AHMS can be considered a “machine,” and material
transportation within an AHMS can be viewed as an “operation.” Due to physical
limitations, an AHMS must move from the drop-off point of one operation to the
pick-up point of the next operation, analogous to the sequence-dependent setup

time. Additionally, each material transfer between AHMSs in the MHNSP requires
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a transfer time equivalent to the sequence-independent setup time. Furthermore,
each transportation job must choose a path from a set of candidate paths, similar to

the routing flexibility in the JSP variant.

The main difference between our research and the JSP variant is our focus on
the physical movement of the AHMSs. Consequently, the “process time” and
“sequence-dependent setup time” in the MHNSP are derived from the timetable of
the AHMS between each pair of pick-up and drop-off points. Additionally, we

consider the buffer capacity in transfer facilities, which the JSP variant does not.

2.4 Job-shop Scheduling Problem Incorporating
Material Handling Systems Using Constraint
Programming

As discussed in the previous section, multiple methodologies have been
applied to solve the JSP variant. This section reviews two research that used
Constraint Programming in solving another JSP variant incorporating material

handling systems in scheduling.

Liu and Yang [16] proposed the Flexible Job and Material Delivery
Scheduling Problem. Unlike classic JSP, the material transportation between each
machine in their problem was handled by a set of automated guided vehicles
(AGVs); therefore, there was a sequence-dependent setup time between operations
on each machine incurred by the AGV. Besides, each operation could choose to be
processed by one of the machines of the same type, similar to the flexible job-shop

scheduling problem. In some sense, this also provided the routing flexibility for
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each job. This problem was solved by Constraint Programming, which showed the

practical applicability of CP in complex scheduling problems.

Khayat et al. [4] also studied a similar problem of scheduling production
tasks and material handling tasks in a job shop environment. However, in their
problem, each process machine had a sufficiently large input/output buffer and thus
could process the next workpiece immediately without waiting for the material
handling vehicle to arrive. They proposed an MILP model and a CP model. The
results showed that the MILP model successfully solved test problems with optimal
solutions obtained for most small cases. The results also demonstrated that
decreasing material handling times and adding more vehicles can significantly
increase the solving time. In addition, the CP model showed better performance for
larger problem instances, solving them in a few seconds to a few minutes. The
model proved to be more efficient than the MILP model for complex job shop

environments.

As supported by the above research, CP has great potential in solving
complex scheduling problems. Therefore, we will also adopt the CP to solve the
MHNSP. In the next section, we will provide an overview of Constraint

Programming in scheduling problems.

2.5 Overview for Constraint Programming in
Scheduling Problems

Constraint Programming (CP) has been found suitable for many scheduling

problems, resource allocating problems, etc. [4, 12, 16, 25] In this section, we will
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provide a brief overview of the modeling techniques for CP in scheduling problems.

The cornerstone of CP in scheduling problems is the interval variable. An
interval variable = occupies a time period on the time axis. For example, an
interval variable might be used to present the time span of an operation. However,
in many “flexible” problems, an operation might not be processed if not selected.
Hence, CP provides a feature to specify an interval variable as “optional”, and let
the solver dictate whether the variable participates in the solution or not. The

interval variable x can be formally defined by
z e {[s,e)|s,ecZ,s<efU{l}

If x =1, x would not appear in the solution. The properties of an interval variable
x can be extracted via three named operators: startOf(x) returns the start time s of
x, endOf{(x) returns the end time e of x, presenceOf(x) returns false if the CP

solver discards the optional variable x. Formally speaking, we have
startOf(x) = s
endOf(x) =e,
where © = [s,e). If x =1, startOf(x) and endOf(x) are not defined. We also have
presenceOf(x) = false, ifx =1

presenceOf(x) = true, otherwise

For convenience, we use the abbreviations for the three operations:
startOf(x) = s(x), endOf(x) = e(x), presenceOf(x) = p(x).

There is another function lengthOf(z) = e(x) — s(x) that returns the time span of

the interval variable x when present.
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Sometimes, we need to define the start/end time relationship between two
operations (interval variables). For example, the operation sequence in a JSP must
be executed in the given order. For two consecutive operations (interval variables)

oj and 04 of a job, we have the constraint
endBeforeStart(0;,0;41).

This constraint mandates that e(o;) < s(0;41); therefore, operation o; would be
executed prior to operation 0;41. There is a set of similar constraints that define the
relationship between two interval variables a and b, which are
startAtStart(a,b) <= {(p(a) Ap(b)) = (s(a) = s(b))}
startAtEnd(a,b) <= {(p(a) Ap(b)) = (s(a) =e(b))}
endAtStart(a,b) <= {(p(a) A\p(b)) = (e(a) = s(b))}

endAtEnd(a,b) < {(p(a) A p(b)) = (e(a) = e(b))}

startBeforeStart(a,b) <= {(p(a) Ap(b)) = (s(a) < s())}
startBeforeEnd(a,b) <= {(p(a) A p(b)) = (s(a) < (b))}
endBeforeStart(a,b) <= {(p(a) A p(b)) => (e(a) < s(b))}
endBeforeEnd(a,b) <= {(p(a) Ap(b)) = (e(a) < e(b))}

In many flexible scheduling problems, we need to choose exactly one
operation from a set of alternatives. In CP modeling, selecting one optional
interval from a candidate set for a target interval can be achieved via the
constraining operator alternative(z, X ), where X is the candidate interval set for
the target interval x. In executing this constraint, the CP solver selects one interval

2’ from X for z, setting properties of x to 2/, i.e., start/end time, and discards other
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intervals in X. These restrictions can be defined by

alternative(x, X)) <= {{p(x) = V p(x')}/\{count (p(2)) < 1}

!
Va'e X va'eX

A ) = (s(x) = s(a’) Aelw) = (@)
Va'eX

where V and A are the or and and operators, respectively. The first two parts state
that if « is present, there should be exactly one of the interval variables in X
present, and all the others are absent. If x is absent, all the interval variables in X

should be absent. The last part states that if ' € X is present, then the start/end

time of = and those of 2’ should align.

In CP modeling, the constraining operator span(z, X ) sets interval x to
represent the covering range of a set of subintervals. Therefore,
startOf(z) = vmir;( {startOf(x")} and endOf(x) = Jnax {endOf(z')}. Moreover, if
LS x'e

x 1s absent, all the interval variables in X should be absent too, namely

presenceOf(z) < \/ presenceOf(x’).
Vz'e X

There is another variable type called the sequence variable in CP that
represents an ensemble of interval variables that have temporal relationships. For a
given set of interval variables, the CP solver can set permutation orders on their
start times by defining a “sequence” variable for a set of intervals to set their
ordering sequence. Let () = seq(X) be a sequence variable of the CP model to
arrange the orders of the interval variables in X. For example, if X = {1, x9, z3},
X9 > x3 —> w1 1s a value for the sequence variable (), where

s(x9) < s(x3) < s(x) yields in the solution.
Finally, in CP modeling, we can also model the resource utility level. The

16 doi:10.6342/NTU202401338



Literature Review

cumulative function pulse(z, h) defines a pulse covering the range of the interval
variable z with the height /. This can be used to represent the usage level of the
resource, which is h, by the operation z when it is being processed. By aggregating

the cumulative functions defined by a set of interval variables X, that is

C =Y pulse(z',h),

z’'eX

we can derive the resource utility level profile in time C' incurred by these interval
variables. If the resource utility level has a minimum or maximum limitation, we
can use the cumulative constraint alwaysIn(C, x, u, u) such that the (aggregated)
cumulative function C' values are within the bounded range [, u] in the range of
interval variable x. This will be used to model the buffer capacity in the transfer

sites.

2.6 Summary

This chapter provided a literature review for the MHNSP. We introduced the
TNSP, which was the key reference that inspired our research. We also reviewed
some JSP variants that were closely related to the MHNSP. Finally, we provided an
overview of the CP in scheduling problems. We focused on introducing the

constraints in CP that will be used in the following chapters.

In the next chapter, we will formally define the MHNSP in a mathematical

model. Then, we will propose the procedure for numerical test problem generation.

17 doi:10.6342/NTU202401338



Mathematical Programming and Metaheuristics for the MHNSP

18 doi:10.6342/NTU202401338



Chapter 3

Material Handling Network Scheduling
Problem: Problem Description and Problem
Generation

In modern manufacturing systems, smooth and speedy material movement is
crucial for overall production efficiency. In particular, when the material control
system consists of multiple heterogeneous Automatic Material Handling Systems
(AHMSs), the material movements are usually handled by various resources and
require proper coordination between the systems. However, effectively
coordinating the resources to complete all of the movements is a tough task. As a
result, this necessity has given rise to the Material Handling Network Scheduling
Problem (MHNSP), a challenge that focuses on optimizing material transportation
resources in these systems. The MHNSP is concerned with finding an effective
scheduling solution to fulfill jobs as soon as possible, subject to the limited
availability of transportation resources such as transport equipment and buffer
sizes. The goal is to ensure that all material transportation requests are fulfilled

optimally in terms of the completion time.

This chapter will present a rigorous definition of the MHNSP. We will start
with constructing a mathematical model for the problem, which will be detailed in
Section 3.1.2. Additionally, we will depict the procedures of numerical test
problem generation, which are essential for evaluating and refining the proposed
solvers.
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3.1 Problem Definition

The proposed Material Handling Network Scheduling Problem (MHNSP)
poses a challenge in optimizing material handling resources in a complex material
handling network to complete a set of transportation jobs. The objective is to
minimize the maximum completion time, namely the makespan of all jobs. This
section rigorously defines the MHNSP, starting with an overview of the problem

and progressing toward a more intricate mathematical formulation.

3.1.1 Problem Overview
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1 1/0 port (P/D point)
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Figure 3-1. Illustration of a material handling network.

Figure 3-1 depicts a sample material handling network. This network
consists of three automated guided vehicle systems (AGVs), one rail-guided vehicle
system (RGV), and an automated storage/retrieval system (AS/RS), where each
system has one mobile transportation machine installed. Each machine is confined
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to the designated working area, as shaded in the figure. Additionally, a few
pick-up/drop-oft points (P/D points for short) are assigned in each area; these are
the only points where the AHMS can pick up or drop off materials. Finally, transfer
facilities, such as conveyors, are installed between AHMS systems via paired
output and input ports, and they are represented as links in Fig. 3-1. Note that each

transfer facility can also serve as a “temporary” buffer with a limited capacity.

In the real scenario, the P/D points for the AGV and RGV represent the [/O
ports of manufacturing machines and transfer facilities. For example, the P/D point
1 in the AGV 1 in Fig. 3-1 is an I/O port of a manufacturing machine, and P/D
points 2-5 are the I/O ports of transfer facilities. Similarly, the P/D point 9 of the
RGYV is an I/O port of a manufacturing machine, and the other P/D points are the
I/0 ports of transfer facilities. Meanwhile, for the AS/RS, the P/D points can also
represent buffer storage (refer to the I/0 ports 5-16 in the AS/RS in Fig. 3-1).
When a material is to be stored in the AS/RS, a transportation request is generated

to move the material to the P/D point of the AS/RS, which represents buffer storage.

As shown in Fig. 3-1, there are two transportation requests to be completed
at the moment. Request 1 wants to move the material from the lower right corner
(denoted by the blue star) to the upper left corner (the red star). This can be
handled by the blue path: AGV1 [port 1 — 4] — RGV [port 7 — 2] - AGV3
[port 3 — 1], where the material sequentially crosses AGV1, RGV, and AGV3
AHMS:s. Similarly, Request 2 can be handled by the dark path via RGV [port 9 —
6] > AGV 2 [3 — 1]. We call each pair of two P/D points in an AMHS [porti —

j] a delivery operation, which is the actual material movement conducted by the
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AMHS. In this case, both requests will need the RGV AHMS for transportation.
But if the RGV can only carry one material load at a time, there is a decision to
make to carry which material first. Moreover, this decision will affect other
delivery operations as well. Therefore, there are five delivery operations to be

scheduled to complete the requests in this example.

Figure 3-2 shows another possible path for Request 1: AGV1 [port 1 — 2]
— AS/RS [port 1 — 4] = RGV [port 3 — 2] - AGV 3 [port 3 — 1], which
consists of four delivery operations. Since both paths meet the job request but
differ in the operation sequences, this also offers an opportunity for optimization to

minimize the completion time.

Legends
title : Confined area of an AMHS
1 1/0 port (P/D point)
’E’ * — n —> : Transfer system (capacity: n)
¥ 9]
Jb‘ * : Start of a request
*ﬁ’ﬁ AGV 3 - 8 . * : End of a request
Bl—3 < :Path for a request
@ el
PP S— |
AS/RS Stdcker Z
E— 1 —@
A
~
1
2,
&= 3 Fe—3—
* < AGV 2 AGV 1
B—s— B3 2

Figure 3-2. An illustration of multiple candidate paths for a request.

This example gives a taste that the core of the MHNSP is subject to
candidate path selections and operation sequence scheduling to minimize the
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makespan. At the end of this section, we will provide a numerical example to

discuss these two decisions further.

In subsequent sections, we will systematically introduce the terminologies
used and elucidate the scope of the problem to complete the definition of the

Material Handling Network Scheduling Problem.

3.1.2 Mathematical Formulation

This section depicts the mathematical formulation of the Material Handling
Network Scheduling Problem (MHNSP), starting with a few terminology
introductions and illustrations of the problem structure. After that, we will define
all components of the MHNSP mathematical model, including the optimization

goal and constraints.

A material handling network (network for short) is a connected structure of
multiple material handling systems. Each handling system consists of a unique
type of mobile vehicle, robot, or machine that delivers materials within its working
area. The transportation equipment can only operate in the designated area and is
limited to picking up or dropping off materials at specified locations. These
locations are called the pick-up/drop-off points, or P/D points for short. These
handing systems and the associated P/D points are modeled as transportation
nodes of the network. Since each transportation equipment cannot leave its
working area, material transfer facilities, such as conveyors, are installed to transfer
material between nodes. We denote the transfer facilities as transfer sites for

generality, which are modeled as directed links from one P/D point of the source
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node to a P/D point of the target node. The transfer site serves two purposes:
moving the material unidirectionally from the source node to the target node and
acting as a storage buffer. Generally, a transfer time is incurred when transferring
the material, and since a transfer site only occupies a limited physical space, the
buffer capacity is finite. Figure 3-3 models the previous network example as a set
of transportation nodes connected with directed transfer sites, which can be

regarded as a directed graph with featured vertices and edges.

Figure 3-3. Graph representation of the network example.

A material transportation request (or job) is usually issued from the
manufacturing execution system (MES) to deliver a load of material from a start
P/D point to an end one. These points may located on the same node, and the
request can be trivially fulfilled within the node. When the start and end points are
located in different nodes, available routing paths should be identified for selection.
The set of paths is called candidate paths, which can be presented by a sequence of
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delivery operations. A delivery operation is a material movement from pick-up to

drop-off points in the node. Topologically, a transportation request might have no

path since the transfer sites connecting nodes are unidirectional. With the request

generated time given, a transportation job is then defined by the request’s start/end

points and associated candidate paths, as shown in Fig. 3-4.

Figure 3-4. Definition of a transportation job.

Optimization Goal

Transportation Job

' path 1

i Node1 [3—+4] = Node3 [5—2]— Node2 [3—~1i
. path2 .

i Node1 [3-5] = Node2 [4—1]

i path 3

The goal of solving the MHNSP is to generate a schedule that minimizes the

maximal completion time (makespan) of the given transportation jobs. This

involves selecting an optimal path for each transportation job and coordinating

delivery operations for the best job execution schedule.

Following this introduction, we will present the mathematical formulation

for the MHNSP. The mathematical model depicts the material handling network,

the transportation jobs, and the optimization objective.

25
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Material Handling Network

A material handling network is depicted as a directed graph G= (V, E/). The
vertices set V' = {1,2,--- ,m} consists of indexed transportation nodes where m
is the number of nodes. The edge set £ = {ey, eq, - , e, } is the transfer site set,

and r is the number of sites installed in the network linking two adjacent nodes.

Let node ¢ have x; P/D points located within its encompassing area,
assuming that x; > 1 for no isolated nodes. Note that the network graph must be a
connected graph for a practical MHNSP. Let the P/D point set of node 7 be
PO = {pgi), pgi), ceey p,(fi)}. Without loss of generality, we call the mobile
transportation equipment in the node a vehicle. A vehicle might be an AGV, a
rail-guided vehicle, a mobile robot, or a stacker crane. Note that node vehicles
travel between P/D points of the node, with no trespassing into other nodes. We
assume that the moving speed of the vehicle is not affected by the weight of the

(i)

load and it is deterministic. Let 7, ;, be the vehicle moving time from P/D points

pgi) to pg-f). For the transportation node 7, the transportation time matrix is

(4)
, Where Ty 2 0.

M® = [T-(i)

i
J,J :|I$Z'><I€i

A transfer site transfers a material load from the source node P/D point to a
point of the target node. Therefore, the transfer site is defined as an ordered P/D
point pair ej, = (péi’“), pézg“)). Note that pg‘;k) € Pl) and pl()Z;“) € P@), where
ak,a, €V, ap # aj, by = {1,2,- -+ , kg, and b, = {1,2,--- , Ky }. When a node
vehicle delivers a material load to a transfer site, a buffer space is occupied to let
the vehicle drop off the load and leave immediately. Let wy, be the buffer size of site

ex. When all buffers are occupied, the vehicle cannot drop off the material load and
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turns “blocked” at the source point of the transfer site. In real applications, the
transfer site might work in a First-In-First-out manner or is operated by additional
resources. However, we only focus on modeling the behaviors of material
transferring and buffer capacity. In our definition, we simply assume that a
material load takes at least 3, > 0 transfer time in the transfer site e;, to transfer
from the source point to the target point and will cost a unit of the wy, buffers when

the load is begin processed in the site.
Transportation Job

For a given material handling network, the MHNSP should have different
sets of transportation jobs to be scheduled (solved) for the problem. Let the
transportation job setbe J = {.J;, Jo,- -+ , J, }, where n is the total number of jobs.
As mentioned, job Jj is defined as a 4-tuple:

Jip = <gk,péik),pé§“), Hk> ,k=1,2,---  n. In this tuple, g is the request

generated time; pék’“) is the start point of the job located in node &, where

Ge{1,2,-- ke | pg/j“) is the end point in node &, where ¢}, € {1, 2, ,Ii’%}.

Let [T, = {ﬂk), Wék), e ,77((,’;)} be the set of candidate paths for the job Jj,
where o}, is the number of candidate paths. As illustrated in Section 3.1.1, an
execution path for a job can be represented by a sequence of delivery operations
that are executed one after the other. For a general path 7, let the operation
sequence be m = (p1, p2, - -+ , pa), Where A is the number of operations. We define

an operation p as a 3-tuple consisting of its executing node 7, the pick-up point

index 6, and the drop-off point index ¢ in the node. That is

p=(n,0,0),neV;0,6 € {1,2,-- Ky}
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Notice that in a path, every delivery operation except the first operation picks up

the load from a target P/D point of a transfer site.

In solving the MHNSP, we need to coordinate the execution sequence of the
operations selected and assigned to each node. However, there are some
circumstances where the next operation cannot be executed immediately after the
end of the previous one. Suppose operations p; = (7,6;, ;) and
pj+1 = (1,041, d;11) are two successive operations to be executed by the vehicle

of node . When 6., # ¢;, the vehicle needs to travel to the pick-up point p(?)

0,41

after the last dropping off at point p((;’]). Consequently, additional travel time is

incurred between these operations, which is called the empty-car moving time as
the vehicle carries no load. This no-value-added movement is often referred to as
the sequence-dependent setup time in the literature, and the waste is due to the
physical constraints of the resource. Figure 3-5 is a Gantt chart example that shows
the empty-car moving time between two consecutive delivery operations and at the
beginning of the first delivery operation, where the vehicle needs to move from the
initial point the the pick-up point of the first operation. For example, the vehicle in
node 8 starts from P/D point 1 and moves to P/D points 26, 25, 4, 9, 19, 9, 22, and

9, sequentially.

Letm = (p1,p2, -+, px) = <<7717 01,01), (M2, 02,02), -, (1x, Ox, 5,\)> be a
valid path in set 11, for job J;, = (gk, péi’“) , pgj“), Hk>. Since the first operation

should pick up the load from the start point of the job, we have the job start point

péﬁk) = p((;zl), the pick-up point of the first operation. Similarly, the last operation

will deliver the load to the end point of the job, i.e., péf,jc) = p((sz*). Notice that each
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Figure 3-5. Illustration of empty-car moving time between delivery operations.

node is visited at most once in path 7; no cycles are allowed, i.e.,

nj # 1y, V7,5 € {1,2,---, A}, j # j'. Therefore, operation number A < m.

Moreover, the material must be handed over to the next node via a transfer
site. Therefore, the pair of drop-oft and pick-up points of two consecutive
operations (p((;]j ) , pg;i *11)> must be a transfer site, i.e.,

(pf;?j),pé?il)> €E,j=1,2-,A—1 Lete; = (pg]j),pg?i:l)) represent the
transfer site connecting operations p; and p;1. When the delivery operation p; is
completed, the transfer site ¢; will conduct a transfer operation to move material to

the target point at the target node. If €; = ¢, the transfer operation takes at least 3;

time and is constrained by the buffer size w;.

So far, we know that the actual movement of a transportation job is
completed by the alternating sequence of delivery operations and transfer sites
(operations) p; —> €1 > pg — €9 — - -+ = €x_1 — py to reach the end P/D point.
In this sequence, p; is the delivery operation, and ¢; is the transfer site executing
the succeeding transfer operation of delivery operation p;. Figure 3-6 shows a job
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scheduling example with 5 transportation jobs. For a transfer operation, the
minimum transfer time block is shaded darker. As indicated, the length of a
transfer operation must be longer than the minimum transfer time. In this example,
there are 3 delivery operations and 2 transfer sites (operations) alternating in path

7% for job Js.

1 1
1 1
Job 5 [Path 21 S = = PR = |
AN R S _d
Job 4 [Path 1] ot e ol TN e ol ER
Job 3 [Path 8] 6L B ey pBy B pBh e ofh

sl e A B
Al A

0 50 100 150 200 250 300
ti . .
ime Storage Time ~ m=m Transfer Time = Blocked Time

Figure 3-6. Illustration of operation sequence in jobs.

In scheduling job Jy, let the start time be °¢;, which is when the material is

picked up at its start point péi’“), and the completion time be “¢;, when the load is

)

delivered to its endpoint pg’“ . Note that the start time must be later than the request
k

generated time, i.e., °t; > gp.

In general, a material handling job J;, in the network G can be accomplished
via more than one path, i.e., o > 1. If one candidate path is chosen or
predetermined for each job (o, = 1) for some reason, the job is named a fixed
transportation job; otherwise, it is flexible. If all jobs are fixed, we will have a fixed
MHNSP; otherwise, we will have a flexible MHNSP by default. In either case,
each job Jj can only be executed by the operation sequence of the selected
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candidate path 7;; from the set II;,. Moreover, all operations in the sequence must
be executed sequentially following their orders, which is referred to as the

operation precedence constraints.
3.1.3 Data Structure of a Solution

To solve an MHNSP, we must select a candidate path for each job and
coordinate sequences of the yielded delivery operations for node vehicles.
Specifically, a solution to the problem is setting the start times for all selected
operations subject to job operation precedence constraints and vehicle routing

sequencing constraints.

Assume that a solution to the problem has selected path 7; from the
candidate set II}, for job J;, and 7 = (p. 1, ppas - - ,p’,;’AZ), where A} is the
number of delivery operations of the selected path for the job. Also,

(€h1s€hos " 5 €k /\Z*1> is the corresponding transfer sites visited.

The solution needs to set a start time for each delivery operation and transfer
operation. Let ¢} ; be the scheduled start time of delivery operation pj, ;; similarly,
let f,*;ﬂ- be the scheduled start time of transfer operation in site €, ;. Finally, the start
time of the job Jj is set by *t; =  ;, and the completion time is equal to the start
time of the last operation plus its delivery time, that is “t; = ¢} a T 7';,77 :])-,,,, where

/% I x I Sk
0= MkazsJ" = O a:oand 7 = Of ..
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Optimization Goal

The goal of the MHNSP is to find a solution that minimizes the makespan
C™M*; ie.
min C™ = min max
k=12, n
This objective aims to minimize the longest completion time among all
transportation jobs to enhance the material handling efficiency of the

manufacturing execution system.

Summary

In this subsection, we have presented a mathematical model for the MHNSP.
In the next section, we will discuss the assumptions imposed on the problem and

the research scope of the problem.

3.1.4 Assumptions and Problem Scope

Since the general model of MHNSP described in the previous section is
complicated, some assumptions are needed to simplify the problem so that it can

be solved using our methods.

Firstly, we limit our discussion to networks with nodes, each containing only
one vehicle. Additionally, the vehicle’s load capacity is unit-loaded, meaning that a
vehicle can transport only one material load at a time. In some actual applications,
multiple vehicles run in the same node, and traffic drawbacks should be

considered. Furthermore, heterogeneous vehicles with different moving speeds and
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loading capacities might be employed as well. For further exploration of various

node types for different AMHSs, please refer to Appendix A.

Secondly, it is assumed that each vehicle is initially located at the first P/D
point of its executing node. This assumption ensures that the same initial condition

is applied to different methods for fair result comparisons.

Thirdly, when a vehicle delivers a load to the drop-off point (the source point
of a transfer site) while the site buffers are full, the vehicle and the load turn into a
blocking state. The blocking state ends when a vacancy is yielded from removing a
buffered load by the target node vehicle. Note that a blocked vehicle cannot finish
the current operation since the material load cannot be removed from the vehicle to
enter the transfer site. If the problem has no capacity limits on all transfer sites,
namely wy = 00, no blocking state will occur. In this case, a vehicle ends a
delivery operation right at the arrival of the drop-oft point and heads for the next

delivery operation immediately.

Lastly, we assume the network configuration is well constructed as a
connected graph. Since the transfer sites are unidirectional links, not every pair of
start and end P/D points has a path between them. This is normal for a network
with specified “source” and “sink” nodes, where no jobs transport from a sink node
to a source node. We, therefore, assume that the jobs given in the problem are all
feasible jobs with at least one candidate path for material delivery. It is also
assumed that the P/D points in a node are fully connected, and the transportation
times between any two points are calculated and stored in a from-to matrix. In

addition, each P/D point can only be assigned to, at most, one transfer site due to
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physical limitations. Furthermore, without loss of generosity, we assume that the
transfer times and the from-to times are all integers. This is to comply with the

restriction of using constraint programming techniques to solve the problem.

Fixed and Flexible MHNSP

We define two types of MHNSPs by the number of candidate paths for each
job. If every job is given with exactly one candidate path (i.e.,
or=1, k=1,2,--- n), we call it a fixed MHNSP. Conversely, suppose the
problem only specifies each job’s start and end points, whose candidate paths can
be identified from the network. In this case, the problem is a flexible MHNSP.
However, we do not consider all possible candidate paths for a job, instead, only a
subset of them are used in our solving methods. We will discuss the heuristics to

select the subset of candidate paths in Section 3.2.3.

3.1.5 Summary

Before wrapping up Section 3.1, we revisit a similar sample network
introduced at the beginning of this chapter to show a numerical example of the

problem

Following the notations defined in Section 3.1.2, we can construct a
mathematical model for the network shown in Fig. 3-7. The node set

V ={1,---,5}, and the numbers of P/D points are k; = 5, kg = 4, k3 = 9,
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Legends
title : Transportation node
: P/D point
’B ﬁ — 3 —> : Site (capacity: 3)
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Figure 3-7. A small example of the MHNSP.

k4 = 3, and k5 = 3. Assume the from-to-time matrices for the nodes are
[0 10 15 30 35

10 0 5 20 25 05?;5

MO=|15 5 0 15 20 M@=1]2 0 1520
30201505’ 20 1505

25 20 5 0

35 25 20 5 O

0 5 15 20 30 35 30 35 5]
5 0 15 15 25 30 25 30 10
15 15 0 5 15 10 15 20 20
20 15 5 0 10 15 10 15 25
M® =130 25 15 10 0 5 0 5 35/,
3530 10 15 5 0 5 0 40
30 25 15 10 0 5 0 5 35
3530 20 15 5 0 5 0 40
5 10 20 25 35 40 35 40 0

0 20 20
MW =MB =120 0 5
20 5 0
The set of transfer sites £ = {e1, es,- -, e10}. Let the definitions of transfer

sites, buffer sizes, and transfer times be

€1 = (pgl)7pg2)) , W1 = ]-,/81 - ]_0, €y = (p§2)7pgl)> ,Wo = 17ﬁ2 = ]_0,
es= (7 07) s = 1.8 =100 es = (77 ws =180 =10,
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€ = <p511)’p$3)> w5 =3, 05 =10, g = (pég)apél)) s we = 3, B = 10;
er = (pg?))apz(;l)) ywr =3,0,=10; ey = (pgl),pg?’)) Jws =3, 8 = 10;

€9 = (pr)gng))) , W9 = 37 69 = 10a €10 = (P§5),pé3)) , W10 = 3, 510 = 10.

The sample problem has two transportation jobs, which are requested at time

0. The job setis J = {J1, Jo}; Job Jy = (0,pi"”, pi”, ;) and T1, = {m", w3},
€5
=((1,1,4),(3,7,2),(4,3,1
where ﬂ}l) <(7 ) )7(7 ) )7(; s )>
Uy = <(17172)7 (27174)7 (3737 2)7 (4737 1))
Ty = (0,98, p{7, 10y) and I, = {x{” }, 7{) = ((3,9,6), (5,3,1)).

. Similarly, job

Several solutions for this problem may be generated by selecting a candidate
path for each job and permuting operation execution orders on nodes. Assume that
Solution A selects path ") = ((1,1,4),(3,7,2),(4,3,1)) for job .J;, and
) = ((3,9,6), (5,3, 1)) for job Js. In total, five operations are to be executed,
with one for each node 1, 4, and 5, while node 3 takes two operations. In this
solution, let node 3 execute operation (3, 7, 2) first, then (3,9, 6). The schedule
resulting from Solution A is depicted in Fig. 3-8, where the makespan is 145.

[ Delivery Operation of Job 1
Delivery Operation of Job 2
Node 5 1 = Empty-car Moving Time

Node 2 -

0 20 40 60 80 100 120 140
time

Figure 3-8. Gantt chart of Solution A for the MHNSP sample.

Conversely, assume Solution B lets node 3 execute operation (3,9,6) first,
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then (3,7,2). The resulting schedule is shown in Fig. 3-9, and the makespan is 105.

I Delivery Operation of Job 1
Delivery Operation of Job 2
Node 5 4 21 [3-1] [ Empty-car Moving Time

Node 2 A

0 20 40 60 80 100
time

Figure 3-9. Gantt chart of Solution B for the MHNSP sample.

In contrast, assume that Solution C selects the different path
7(51) =((1,1,2),(2,1,4),(3,3,2),(4,3,1)) for job J;. This yields six operations
that need to be executed. Nodes 1, 2, 4, and 5 each take one operation, and nodes 3
take operations (3,3,2) and (3,9,6). Similarly, let node 3 execute operation (3,3,2)
first, which yields the schedule shown in Fig. 3-10, with a makespan of 150.
Instead, let node 3 execute operation (3,9,6) first to generate Solution D, whose

schedule is shown in Fig. 3-11. The makespan of solution D is 100.

[ Delivery Operation of Job 1
Delivery Operation of Job 2
Node 5 4 E= Empty-car Moving Time i J2-1[3-1]

Node 4 A , b I -
Node 3 : - J2-1 [9-6]
Node 1 .]

0 20 40 60 80 100 120 140 160
time

Figure 3-10. Gantt chart of Solution C for the MHNSP sample.
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[ Delivery Operation of Job 1
Delivery Operation of Job 2
Node 5 4 J2-1 [3-1] [ Empty-car Moving Time

Node 3 J2-1[9-6] -
Node 1 -

) 20 40 60 80 100
time

Figure 3-11. Gantt chart of Solution D for the MHNSP sample.

The above example shows that the optimal solution is obtained when job J;
selects the path Wél) and node 3 executes (3,9,6) first. Interestingly, when job .J; is
not presented, the makespan is 95 if W%l) is selected and 100 if Wél) is selected. This
highlights the importance of path selection in the MHNSP when multiple jobs are
presented. If one only considers the fastest/shortest path for each job, this would
usually yield a suboptimal solution. Furthermore, the execution order also has a
significant impact on makespan. Comparing Solutions C and D, we can see that the
only difference is the execution order in node 3; yet one yields the worst solution,
while the other yields the best. Moreover, it can be found that path selection and
operation sequencing have an interaction effect on the yielded makespan. In
conclusion, this example depicts the global perspective of path selection and
operation sequencing. The optimal solution can only be obtained when both

decisions are considered simultaneously.

In this section, we provide a mathematical model to describe the MHNSP
and conclude with an example to show the importance of decision-making in
solving the MHNSP. Next, we will introduce the procedures to generate test
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problems for the MHNSP that will be used later to evaluate the performance of

proposed solving methods for the MHNSP.

3.2 Numerical Test Problem Generation

This section describes the procedure for creating test problems for the
Material Handling Network Scheduling Problem to evaluate the performance of
our models and for future research. Each problem describes a material handling
network and a set of transportation jobs to be scheduled. Specifically, each
problem is stochastically constructed using user-defined parameters relating to the

structure complexity and scale-related parameters for job set creations.

After constructing the network and generating the jobs, we pre-select a
subset of all possible candidate paths for each job. In the flexible MHNSP, we
consider all paths within the pre-selected subset. In contrast, for the fixed MHNSP,
we choose a single path from the subset for each job. It is important to note that,
for both types of problems, the listed candidate paths must be valid paths capable

of completing the job transportation within the network.

The following subsections will detail the procedures for creating a problem
for the numerical tests. We will present the user-defined parameters for configuring
the network and then describe the procedure for constructing the network and
generating transportation jobs. After that, we will show our heuristics for candidate
path pre-selection. Finally, we will demonstrate a sample numerical test problem

file for the MHNSP and our notations for different problem scales.
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3.2.1 User-defined Parameters

User-defined parameters are used to generate numerical test problems that
have particular network structures and job complexities. These parameter settings
help generate any possible network configurations subject to the discussed

assumptions.

First, three primary parameters are chosen by the user to specify the
complexity and the scale of the problem: the number of transportation nodes,
m, the number of transportation jobs, n, and the number of transfer sites, .
Restrictions on values of these parameters are m > 2 to have a network of AHMSs,

r > m — 1 to be a connected graph, and n > 2 for a non-trivial problem.

After acquiring the primary parameters, the user sets the upper bound & for
the number of P/D points in a node. The problem generator will stochastically set
the number for each node such that 2 < k; < ®,Vi € V. Similarly, the user
specifies the upper bound 7 for the generations of the from-to delivery time

between P/D points. The generated time should follow

0< ) <TV €{12  m}VieV.

Likewise, user-defined parameters @ and 3 are the upper bounds of the
generated buffer sizes and transfer times of the transfer sites. Therefore, the
generated buffer sizes 0 < w; < @ and transfer times 0 < 3, < 5,1 =1,2,--- ,r.
Another upper bound g limits the values of job request times, i.e.,

0<gr<g,k=1,2,--- n. Note that we assume the scheduling starts at time 0.
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The parameter values specified by the user are the upper bounds of discrete
uniform distribution, i.e., U (u, u), where u, w are lower and upper bounds
(inclusive), respectively. With the given lower bounds, the problem generator
assigns uniformly distributed integer values for the variables discussed above. Note
that uniformly distributed job request times imply that the interarrival times
between two successive jobs approximate the exponential distribution

~ Exp (g/n). The user-defined parameters are listed in Table 3-1.

Table 3-1. Summary of user-defined parameters for problem generation.

Parameter Description

m Number of transportation nodes

n Number of transportation requests/jobs

r Number of transfer sites

R Upper bound of number of P/D points in a node
T Maximum delivery time in a node

B Upper bound of transfer time

w Upper bound of site capacity

g Upper bound of request generated time

Subsequent sections will present the construction steps of a material
handling network, procedures of transportation job generation, and the search

algorithm for candidate paths of a generated job.

3.2.2 Network Construction

The first stage in the network construction is to create exactly m nodes and
then stochastically set the number of P/D points for each. In order to generate the
from-to timetable for each node, dummy 2D coordinates are randomly assigned to
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each point j, whose coordinates is (z;, y;). The Manhattan distance

z; i = |r; — x| + |y; — y;| between each pair of points j, j is evaluated, and the
largest distance 7 is identified. The from-to timetable for a pair of points is then
scaled from its distance with the time upper bound 7 against Z. Note that since the
problem does not consider the actual configuration and connectivity layout of the
P/D points in a node, the from-to times can be generated arbitrarily without

considering any geometrical restrictions or reachability.

The second stage is constructing transfer sites to connect nodes as a
connected graph. We first create a connected subgraph with m transfer site. Then,
we bridge the remaining (r — m + 1) sites. Algorithm 1 lists the pseudo-code that

constructs the user-defined network in an intended format.
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Algorithm 1 NetworkConstruction (m, 1)
1.V« {1,2,---,m}

2: foreach node 7 in V' do > Generate P/D points
3: ki <~ U (2,R)

4 PO {0 =12, ki)

5: M@ {T;’?/Lim

6: (z;,y;) < (Random(),Random()), j = 1,2,--- | k;

7 gy lwg —ap| -yl Vi e {12, k)

8: Z %%)/((Zj’j/)7 V5,7 e{1,2,--  Ki}

o0 7l e [T L] VG e {12, ki)

10: B+ {1 F+ {}:G < {RndOne(V)}; k « 1

11: while |G| < m do > Create a connected subgraph
12: i < RndOne(G)

13: j < RndOne(V \ G)

14: TryCreateTransferSiteFromNodelto (E, E, k, i, §)

15:  if |G| # |E| then

6 GeCGul)

17: while |E| < r do > Create the remaining sites
18: i <— RndOne(V')

19: j < RndOne(V '\ {i})

20:  TryCreateTransferSiteFromNodelto) (E, E, k, i, j)

Note that the operation Random() in the pseudo-code returns a random real
number whose value is within [0.0, 1.0) and the operation RndOne(.X) returns a
randomly selected element from the specified set X. Also, \ is the set subtraction
operator. Expression X \ Y removes the common elements of set X and Y, (i.e.,

XNY)from X.

In the pseudo-code listed in Algorithm 1, Lines 6 and 7 randomly allocate a
2D point for each P/D point and then calculate the Manhattan distances between
pairs of points. Line 9 scales a distance to map it to an integral traveling time
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against the upper limit 7.

Lines 11-16 create a minimum spanning subgraph that includes every node
i € V. G book-keeps the node in the current constructing subgraph. Lines 12 and
13 randomly select a node not in G and try to construct a transfer site to connect
the selected node to the constructing subgraph. When every node is included in the
connected subgraph G, there will be exact m — 1 transfer sites. Lines 17-20
construct the remaining (r — m + 1) transfer sites. In the algorithm, the function
TryCreateTransferSiteFromNodelto] is called to establish a transfer site between
node ¢ and j if possible. The pseudo-code of the algorithm is shown in Algorithm

2.

Algorithm 2 TryCreateTransferSiteFromNodeltoJ (E, E, k. i, j)
1: b <~ U (1, k)

2: b <—NU(1 k)
:if pyy ,p ) ¢ E then
4 e (pz(),f,p,(ﬂ)); Wi~ U (1, w)' B =~ U (1 3)
5. E<+ EU{e): E<—EU{pb ,pb, } ke k+1

98]

Lines 1 and 2 randomly select a P/D point index in each node. Line 3 checks
if the selected P/D points have been defined as a transfer site. If not, we create a

transfer site and update the transfer site set E and the set of used P/D points E.

3.2.3 Transportation Job Generation

In generating the set of transportation jobs, we first assign each job a request
time with a discrete uniformly distributed random value
gx <~ U(0,9),k=1,2,---  n. Subsequently, we randomly select two P/D
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points as the start and end points of the job. Then, we execute an operation to find
its candidate paths. If no path exists for the pair of points, it is discarded, and

re-selection is repeated. The pseudo-code of the procedure is shown in Algorithm

3.

Algorithm 3 TransportationJobGeneration (n)

1: fork < 1tondo

2 g~ U(0,9)

3: s <— RndOne(V); s’ <— RndOne(V)

4: t < RndOne({1,2,--- ,Ks});t' < RndOne({1,--- , Ky })
5: I}, < FindCandidatePaths(s, t, s, t')

6: if II,, = @ then

7: t goto 3

8: Jy <Qk>p§k),p§“),ﬂk> = (9k>P§S)>P§fS/)aHk>

0 J {Jp| k=12 n}

Lines 3 and 4 randomly select a start and an endpoint for job Jj, starting
from pgs) to p,g,S 0, However, they are reselected when lines 6 and 7 find no candidate
path to deliver the material load. The function FindCandidatePaths(s, ¢, ', ')
returns the candidate path set for the given start/end points. The pseudo-code of the

function is listed in Algorithm 4. The job setting is completed in Line 8 by

aggregating the request time, start and end points, and the candidate path set.

Candidate paths for a job are traversed via a recursive procedure, routing
from the start point of the job to the end point without cycles. The procedure
constructs a path by consecutively appending a feasible delivery operation to it

until the end point is reached or no viable operation can succeed.
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Algorithm 4 FindCandidatePaths(s, ¢, ', t")

1: if s = s’ then

2: if t = t/ then

3: return &

4: else

5: t return {((s,t,t'))}

6: L+ {17 ¢ (ip (5,8, -1)

\]

: RecursivePathConstruction(I1, 7, p, s, ')

8: return I

No job is generated if the start and end points are the same since no material
handling is required, as indicated in Line 3 of Algorithm 4. Line 5 composes a job
with a trivial path of one operation for a job delivering material within a node. Line
7 subsequently constructs all candidate paths by executing a recursive operation,
RecursiveConstructPaths(). The operation starts with the half-defined first
operation p, i.e. (s,t, —1), beginning from the start point p,@ in the starting node s,
yet the drop-off point is not determined. Then, it traverses all outgoing transfer sites
to complete the current operation (the drop-off point) and sets up the successive
half-defined operation for the nested recursion. A valid path is then constructed
once the recursion reaches the end node. However, an invalid path is discarded

when no outgoing transfer sites exist or outgoing sites route back to traversed

nodes before reaching the end node. The latter case forms a cycle, not a valid path.

Algorithm 5 lists the pseudo-code of the recursive algorithm that constructs
the candidate path set. In Algorithm 5, Lines 1 — 3 identify the path routing reaches
the end P/D point to terminate the recursion. The valid path 7* is constructed by
cloning the path under traversing, 7, and adding the final operation p to it, as
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shown in Line 2. Note that the operator & appends the operation on the right-hand

side to the path on the left-hand side.

Algorithm 5 RecursivePathConstruction(Il, w, p = (7,0, 0), s',t')

1: if n = s’ then
L dt; 7P (n,0,0); I« MU {7*}
return
e {ek = (pl(,zk),pl()zzv ‘ ar=n,ke{1,2,--- ,fr}}
if £/ = & then
: t return
. foreach site e = (p{”, p\7)) € E' do
> Check if appending the outgoing site will form a loop <
if 1 ¢ {1 | 5= (,0,0),p € 7} then
db; T 71D (n,0,0); p« (0, b, —1)

Y ® xR R

—_— -
- O

RecursivePathConstruction(IL, 7, p’, s', t')

»

T4 TOp

Line 4 constructs the set of outgoing transfer sites of the current node 7 that
executes the current operation p = (1, 6,6). Line 5 terminates the path search

recursion since no outgoing transfer site exists to continue the path.

Lines 7-12 loop through all outgoing transfer sites for path-searching trials
by confirming the current operation and setting up the succeeding operation for the
nested recursion. Therefore, the drop-off point of the current operation is set to the
source point of the outgoing transfer site, and the successive operation’s pick-up

point is the site’s target point.

The target node 1)’ of the consecutive operation is subject to a cycling check
against the current path 7. Line 9 checks if the target node 7’ appears in the current
path 7. If not, Line 10 accepts the current operation by setting the drop-off point to
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the source point of the transfer site 6 <— b. Then, the path 7 is appended with the
current operation p to continue the path via the outgoing transfer site. The
corresponding operation is then half-defined, p’ < (7', ¥, —1), for further
recursion. After the transfer site trial, Line 12 detaches the appended operation p
from 7 where the operator © removes the operation on the right-hand side from the
path on the left-hand side. The removal is to resume the original condition of the

path in the current recursion for the next transfer site trial.

Next, we will explain how the candidate paths are pre-selected for each job

so the problem becomes solvable using our proposed methods.

Candidate Path Pre-selection

Since the number of all possible candidate paths for a job grows
exponentially when the number of nodes increases, we adopt heuristics to
pre-select the most promising subset of the paths. This procedure is necessary to
make a meaningful comparison between our solving methods, which will be

introduced in the next chapter.

First, we define the free-run time as the minimum required time to complete
a candidate path. The value is obtained by summing the process time of each

delivery/transfer operation in the path. The procedure is described in Algorithm 6.
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Algorithm 6 GetFreeRunTime(k, )
1: 10

fOl‘iZl,Q,"' ,)\k,ldo

k)
i

n < m(,’?; 0 91(,’?; § « &

if i < )\, then > If the operation is not the last one

L edeel(?;tet—i-ﬂd

2:
3

) (n)
4: L1+ T4
5
6
7: returnt > Return the free-run time

Assume that there are total o candidate paths for job Ji. The idea of the
pre-selection is to include only the fastest few paths. Let ¢ be the cut-off factor. We
include only the paths with free-run time shorter than ¢ - ¢, where ¢, is the shortest
free-run time of all possible candidate paths II for job J,. However, this
pre-selection might result in too few or too many paths. Therefore, we define o and
0 as the minimum and maximum number of paths, respectively, to ensure enough
path options for each job. The entire pre-selection procedure is shown in
Algorithm 7. The operation Sort(X,Y") in Line 3 sorts the set X by the

corresponding values in Y.

Algorithm 7 PathPreselect(I1;)
1: 0 3; 0+ 30; ¢ < 2;
2: t; < GetFreeRunTime(k,l), [ =1,2,--- o}
3: 1T < Sort(Ily, [tita - - - ts,])

4: [tity -ty ] < Sort([tity - - - ts,])

5

6

7

Dt 4t 10

cforli=1,2,--- 0 do

:L if (1<o)or((t,<¢-t) and (I <)) then

el

9: Il « {Wl(k) ‘ 1<1,l=1,2,--- ,ak} -0y, < | > Update the candidate path set

For a fixed MHNSP, we assign a path from the pre-selected candidate path
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set to each job. In contrast, all the pre-selected candidate paths are considered in a

flexible MHNSP.

3.2.4 Problem Scales, Types and File Format

In the previous subsections, we described the procedures to generate
problems for numerical tests. In this subsection, we will introduce the problems
that will be used in our numerical tests in Chapter 5. Finally, we will provide the

sample files of the generated problems.

Problem Scales

In our research, we categorize the numerical test problems into four problem
scales: small, medium, large, and extra-large, according to their network
complexities and the number of transportation jobs. The user-defined parameters
used for generation are summarized in Table 3-2, where the notations of
parameters follow those described in Table 3-1. The differences in problem scales
are mainly reflected in the number of nodes m, number of jobs n, and number of
sites r. Notably, the complexity of the large-scale problems already matches the

real-world case of a real display panel factory.

Table 3-2. Parameters for problem generation of different scales.

Scale Notation m n r K T B w g
Small N5S10-J5 5 5 10 20 10 20 1 0
Medium N8S24-J8 8 8 24| 40 10 20 0
Large N12S48-J8 12 8 48] 50 10 20 3 O

0

Extra N30S100-J20 | 30 20 100 | 100 100 20 3

We also provide samples of the graph representations for different problem
scales in Fig. 3-12. The site capacity and the source/target P/D points of the site
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are shown in the middle of the arc and at the head/tail of the arc, respectively. Note
that the line width of the arc is inversely proportional to the transfer time in the
corresponding site. Finally, the size of the node is proportional to the number of

transfer sites connecting to it.

10

(a) Small-scale network.

2

3 2
1
L L Pl
19 233 1
2
2y 2 &
39" 5) 2, .
5.2 1
37 % 6 s REE
2~ 5
2
1
1

(b) Medium-scale network.

Figure 3-12. Comparison of generated networks in different scales.
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N e

(c) Large-scale network.

(d) Extra-large-scale network.

Figure 3-12. Comparison of generated networks in different scales. (cont.)

Problem Types

To conduct more in-depth research, we also consider five types of problem
settings. These problem types/settings differ in the number of candidate paths for
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each job and whether the buffer capacity limit applies.

In a fixed MHNSP, there is only one path chosen from the pre-selected
candidate paths IIj for job J;. By default, we select the path [; with the smallest

free-run for the job Ji, that is

l; = argmin GetFreeRunTime(k,1).
=12, 0

k .
Therefore, we have II;, < {7‘(1(;; )} and oj, < 1. However, we also consider the case

of the path being randomly selected from the subset, namely
[T}, < {RndOne (I1;)} .

While in a flexible MHNSP, all the pre-selected candidate paths are considered.

On the other hand, we suppose that each transfer site has a finite buffer size
wq that will “block” the vehicle when no vacancy is left. However, some studies in
the literature did not consider the site capacity. Therefore, we separate problem
cases to determine whether the site capacity constraint is complied with. In the
problem type with infinite capacity, the site capacity is ignored; otherwise, the

capacity limit is applied.

We use a two-symbol notation to indicate the types of problems. The first
symbol indicator if the problem is fixed or flexible. The second symbol indicates if
the site capacity is finite. In this research, we study five types of problems:
fixed/infinite, flexible/infinite, fixed/finite, fixed-random/finite, and flexible/finite
settings. We denote the five types as 1/00, n/oco, 1/n, 1'/n, and n/n, respectively.

The comparison of problem types is summarized in Table 3-3.
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Table 3-3. Comparison of different problem types.

Problem Type | # of paths  Site Capacity Limit  Path Pre-selection Criteria
1/00 1 ignored best

1/n 1 applied best

n/oo Multiple  ignored algorithm

n/n Multiple  applied algorithm

1/n 1 applied random

File Format

This subsection describes how the numerical test problems are saved and

organized in folders. Since various network configurations and job sets can be

generated with the same user-defined parameters, we organize and name them

according to their problem scales. Figure 3-13 shows the directory structure of all

the problems used in our research.

/
| N5S10-J5 (Small)
| N8S24-J8 (Medium)

Graph.pdf
Flexible J8. json
M-2

M-30
| N12548-J8 (Large)
| N30S100-J20 (Extra)

benchmark config.yml

Network config.json

USER-DEFINED PARAMETERS
.................. PROBLEM INSTANCE
NETWORK CONFIGURATION
GRAPH REPRESENTATION
JoB FILE

Figure 3-13. Directory structure of the numerical test problem files.

In each problem scale folder, the user-defined parameters used to create the

problems of this scale are saved in a file. The context of a sample user-defined

parameter file is shown in File 3-1. This file was used to create 30 medium-scale
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problem instances. We saved the generated 30 networks in different folders, named
with a prefix of the problem scale and a unique ID. For example, M-1 means the

first generated network of the medium-scale problem

File 3-1. Problem configuration file for medium-scale problems.

# benchmark config.yml
num_networks: 30
num_nodes: 8

num_pd: 40
num_trans_site: 24
max_node_vehicle: 1
max_trans_capacity: 2
max_trans_pt: 20
max_from_to: 10

number of networks

number of nodes

maximum number of P/D points in a node
number of sites

maximum number of vehicles in a node
maximum capacity of a site

maximum transfer time in a site
maximum delivery time in a node

H OH H H HH HH

num_jobs: 8
max_start_after: O
flexible: True
node_init_pos: O

number of jobs

maximum request generated time
flexible MHNSP

vehicle initial P/D point

H H H

In each network folder, we saved the network configuration in a JSON file
that described the details of the material handling network. A sample network
configuration file for network S-1 is shown in File 3-2. Note that the index in the
file starts from 0. In the file, we show the from-to timetable for node 5 and omit the
others. Finally, each row in the field “transfer sites” lists the details of the site: the
source node, the source P/D point ID, the target node, the target P/D point ID, the

transfer time, and the site capacity.

Besides the network configuration file, the network graph is displayed in the
Graph.pdf file. The schematic diagram is generated by Graphviz. The sample

drawings can be found in Fig. 3-12 on page 51.

Finally, we save a set of transportation jobs for each network in a JSON file.
File 3-3 is an example of the job file for network S-1. Note that the index in the file

starts from 0. Each job has the start node, the start P/D point ID, the end node, and
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the end P/D point ID specified. In the file, the “start_after” field is the request

generated time of the jobs.

File 3-2. Network configuration file for network S-1.

# Network config.json

{

"num_nodes": 5,
"num_trans_site": 10,
"flexible": true,
"node_init_pos": O,
"num_node_veh":

[+, 1, 1, 1, 11,
"num_pds_in_node":

(17, 14, 12, 12, 10],
"node_from_to":

[

[to, 22, 22, 21, 5, 14, 21, 16, 18, 8],
[22, o0, 2, 7, 21, 10, 2, 8, 5, 18],
[22, 2, o0, 5, 20, 10, 3, 7, 5, 18],
[21, 7, 5, 0, 20, 12, 6, 5, 7, 18],
(5, 21, 20, 20, O, 11, 19, 15, 16, 6],
[14, 10, 110, 12, 11, O, 9, 8, 6, 6],
[21, 2, 3, 6, 19, 9, o0, 7, 3, 147,
[16, 8, 7, 5, 15, 8, 7, 0, 6, 10],
[18, 5, 5, 7, 16, 6, 3, 6, 0, 111,
(8, 15, 15, 15, 6, 6, 14, 10, 11, 011,

1,

"trans_sites":
(o, 1, 3, 7, 18, 11,

[+, 9, o, 11, 20, 117,

[2, 11, 1, 4, 19, 1],

[2, 2, 0, 3, 12, 1],

[3, 4, o, 6, 9, 11,

[3, 8, 4, 6, 1, 1],

[3, 2, 1, 10, 19, 11,

(4, 7,1, 1, 3, 11,

[4, 5,1, 6, 3, 1],

(4, 1, 2, 7, 3, 111]

}

File 3-3. Job file for network S-1.

# Flexible J5.json

{
"num_jobs": 5,
"start_after":
(o, o, o, o, 01,
"jobs":
(s, o, 1, o1, o, 9, 2, 31, [2, 6, 0, 5],
(1, 12, 2, 81, [1, 12, 0, 0]]
}
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3.2.5 Summary

This section has thoroughly outlined the process of generating numerical test
problems for Material Handling Network Scheduling Problems. The approach
begins with defining user-defined parameters to shape the network’s structure and
complexity. We then detailed the steps of constructing a network that adheres to
these parameters. After that, we highlighted the processes involved in generating
transportation requests and developing an algorithm capable of identifying all
optional paths for any given request. In the last subsections, we described the
procedure to pre-select the candidate paths and demonstrated some sample files of

the generated problems.

Moving forward, the next chapter will delve into various methodologies

designed to effectively solve the MHNSP.
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Chapter 4

Constraint Programming, Integer
Programming, and Differential Evolution
Models for Material Handling Network
Scheduling Problem

This chapter explores three methodologies for solving the Material Handling
Network Scheduling Problem, including Constraint Programming, Integer
Programming, and Metaheuristic algorithm. With different modeling principles
and solving approaches, each approach offers a distinct procedure to solve the
MHNSP. The following sections provide an in-depth analysis of these
methodologies, highlighting their procedures for determining the makespan and
developing constraints that capture the behaviors of the material handling network

system.

4.1 Constraint Programming Model for Solving the
Material Handling Network Scheduling Problem

The literature indicates that Constraint Programming (CP) is an effective
modeling tool for solving optimization problems with complicated solution
structures and logic constraints, particularly resource scheduling problems
involving time intervals [4, 12, 16, 25]. In this section, we rigorously derive a CP

model for the discussed MHNSP.
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The key feature of our CP model is the hierarchical structure of interval
variables. This structure makes it easy to derive constraints for our transportation

jobs, nodes, and transfer sites.

4.1.1 Job Constraints

This subsection presents the CP model components relating to the
transportation job constraints. First, we will have an overview of the proposed
hierarchical structure and explain the merits of adopting this structure. Then, we
will formally define the interval variables at each hierarchy level and introduce the

related constraints.

Overview of the Hierarchical Structure

Figure 4-1 gives a brief summary of the interval variable hierarchy. Each
level has its own purpose, and the relationship between any two levels is

established by CP constraints.

At the top level, we define the job interval variable to record the start/end
time of the job. Therefore, we can easily calculate the makespan by comparing the
end time of each job and finding the latest one (refer to Fig. 4-2 on page 62 for

better understanding).
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job interval variables \ :
T i

path:interval variables : sequences of operation
: : interval variables

Purpose

. Connection between the .
Path selection ‘ ‘ selected path and the Precedence constraints, ‘

Makespan calculation ‘ (choose 1) underlying operations  delivery time, & transfer time

Define the selection result
of candidate paths

Figure 4-1. Illustration of the hierarchical structure of the interval variables.

At the middle level, we define the path interval variables. In CP, an interval
variable can be specified as “optional,” meaning that the solver would determine
whether the interval participates in the solution or not. We set all path interval
variables to be optional and use the constraint alternative(x, X') to mandate that
one and only one of the paths (in set X) should be “present” in the solution for
each job (variable x). Moreover, the start/end time of the job would align with
those of the selected path by this constraint as well. This step is equivalent to the

path selection in solving an MHNSP.

At the lower level, operation interval variables are defined. Again, we set all
operation interval variables to be optional. When a path is selected, i.e., present, the
underlying operation interval variables should also be present. At the same time,
all the other non-selected paths and their associated operations should be “absent”.
Moreover, the start/end time of a path should align with the start time of the first
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operation and the end time of the last one when present. All the above relations can
be achieved by the constraints span(x, X ), where X is the set of operation interval
variables and x is the path interval variable. Finally, each operation interval should

respect the precedence constraints, namely, they are executed sequentially.

Without this hierarchical structure, it would be hard to model the relationship
between jobs, candidate paths, and operations elegantly. As shown in Fig. 4-2,
several jobs with numerous candidate paths and operations are to be scheduled and
solved by the CP model. It will be extremely cumbersome to define the relationship

“manually”, which will be the case in our Integer Programming model.

Gantt chart of job intervals

Makespan: 292
Job 5 [Path 2] : Ts
Job 4 [Path 1] Ta
Job 3 [Path 81 — st
Job 2 patn 1 S e e e
Job 1 path a1 e
0 50 100 150 200 250 300

time
Gantt chart of operation intervals

Job 5 [Path 2] | ! o) - i of) - IS of}
Job 4 [Path 1] - e, offy  Foiteffiell  offh ol
oo o1 B R TR R e o)
Job 2 [Path 81 [ o R e oRERIEE o [ o
o 1 ptn a1 | T
[ 50 100 150 200 250 300
time [ Storage Time @ Transfer Time =@ Blocked Time

Figure 4-2. Gantt chart results of a CP solution.

Next, we will formally define the interval variables in each level and

construct their associated constraints.
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Job Interval Variable, Makespan Calculation, and Optimization Goal

At the top level of the hierarchy, we define the time interval variable 7}, for
job Ji, representing the delivery time period in the final schedule of the solution to

the MHNSP. Let T' = {T;|k = 1,2, --- ,n} be the interval variable set for all jobs.

The makespan is then derived from the job intervals as
o = VI%S%%W endOf(Ty,), 4.1)

where endOf(T},) returns the end time of job J;. Figure 4-2 on the previous page
indicates that the makespan is calculated by the latest end time of all jobs in the

scheduled solution.
Candidate Path Interval Variable

Following the proposed modeling hierarchy, we define candidate path
interval variables for a job. Notice that there are o, paths in candidate set I for
job Ji.. We define o, “optional” interval variables for the job. Let tl(k) be the

interval variable for the /-th candidate path 7Tl(k), l=1,2,---, 0. Assume that the

» Loy,

set of path interval variables for the job J is C) = {tgk), tgk), e t(k)} :

In CP modeling, selecting one optional interval from a candidate set for a
target interval is achieved via the constraining operator alternative(z, X)), where X
is the candidate interval set for the target interval x. Therefore, to facilitate the path

selection, we have constraints

alternative(Ty, Cy), k =1,2,--- ,n.
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Operation Interval Variable

Now, we define the lowest-level operation interval variables of each path.
Let 7Tl(k) = <pl(ﬁ), pgg), cee pl(lf\)kl> be the [-th candidate path of job Jj, with Ay,
sequential delivery operations. Note that a transfer operation exists between a pair
of consecutive delivery operations in the path. Let the sequence of the transfer sites

visited be <el(ﬁ), el(g), e el(]i\)k l_1> ,» where the transfer site el(? conducts a transfer

(k

operation between operations p; j) and pl(lj)ﬂ

To construct our CP model, we define the corresponding set of interval
variables Ol(k) = {ol(ﬁ), ol(f;), e 701(,]€A)k,z} for the “delivery operations” of the /-th
candidate path. Normally, the CP solver determines the interval’s start time, which
is subject to vehicle availability in the node. Between two consecutive delivery
operations, there is a transfer operation conducted in the transfer site whose start
time is to be determined by the solver against the buffer size constraint. We have

Ak — 1 transfer time intervals to be defined and determined by the solver. Let

Ol(k) = {65?, 652), e 751(,13);@ 171} be the defined interval variable set for the
“transfer operations.” Note that the mapped transfer site for interval 6l(7kj) is el(fﬂj). In

Fig. 4-2 on page 62, the delivery operations are represented by the “thicker”

blocks, while the thinner blocks are the transfer operations.

Since each delivery operation interval ol(ﬁ) represents the time span of the

material load in the node and sometimes the load would be blocked, it should

therefore be longer than the delivery time required (since the vehicle is still
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occupied by the material load, the operation is not completed). That is
k k
lengthOf(01}}) = 743, pil) = (1,0,0),
J=12 Ay, =12, o, k=1,2,--- . m.

Similarly, each transfer operation interval él(ﬁ) should be longer than the transfer

time required since the material might not be able to be promptly picked up by the

next node after the transfer operation. We have

lengthOf(él(?) > 34, where el(,kj) = ey,

J=12,- Ny —1L1=12,-- 0, k=1,2,--- ,n.
Since a path for a job is a sequence of operations executed consecutively, the
CP model has precedence constraints applied to operation intervals in determining
their start times. In CP modeling, the constraining operator endAtStart(x, x')
restricts the start time of interval 2’ to be equal to the end time of = when both

intervals are present; i.e.,

(presenceOf(x) A presenceOf(:c’)) = (endOf(x) = startOf(x’ )),

where A is the AND Boolean operator. Therefore, a precedence constraint is

applied to a consecutive pair of delivery operation interval and transfer operation

(k)
1,7

interval, i.e., o 61(? and 61(?, ol(’kj)Jrl.
We know the CP solver will select one candidate path for each job. If the

I'-th path is selected for job Ji, the interval variable tl(,k ) will be present in the

solution while others are absent. In addition, the start and end times of the job

interval variable 7}, should align with those of tl(,k ). This can be achieved by the
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span(-, -) constraint, namely

span<tl(k)701(k)>7 [ = 1727' o 70k7k = 1727 e, n

Figure 4-3 illustrates the associated relationship among the job interval
variable, the selected path interval variable, and the list of operation interval
variables of the path. In the figure, the 40" candidate path is selected by the solver

for job Js5. The CP solver will set
startOf(T3) startOf(ti%)) — startOf(oi%),l),
endOf(T3) <« endOf(ti%)) — endOf(oi%)’ 1)-
Note that the selected path has four delivery and three transfer intervals defined.

Hierarchical Structure of Job Interval Variables

Job 34 Job Interval T3

Job 3] (3)
[Path 40] Path Interval t;q

Operations | 62 53 68

15 20 25 30 35 40 45 50
time

Figure 4-3. Alignment Relationship between job interval variable, path interval
variable, and operation interval variable.

Summary

The CP model relating to the constraints of jobs is summarized as follows.

Definitions of Interval Variables

T ={T,|k=12-,n} (4.2)
Cr ={tM|1=12- 0}, k=1,2,--.n (4.3)
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67

¥) = {Ol(,];) |j: 1727"' 7)\k,l}7 l= 1727"' 7O-k7k: 1727"' 7”(44)
OF =) [j=12 My—1}1=1,2" 00,k =1,2,--- ,n(45)
Constraints:
alternative(Ty,, Cy), k =1,2,--- |n (4.6)
span(tl(k),Ol(k)), [=1,2,--- o0, k=1,2,---,n 4.7)
(k) (k)
presenceOf(t)”’) <= presenceOf(o;; )
(4.8)
j: 1727"' 7/\k,lyl: 1727'” 70k7k: 1727"' "
(k) ~(k)
presenceOf(t;”’) <= presenceOf(5,; ),
j:1727"'7)\k,l_1al:1727"'70k7 (49)
k=1,2,---.n
(k) 5®)y . _ -
endAtStart(0; ;,0, ), j = 1,2, My — 1, 1=1,2,--- 0y,
(4.10)
k=12, 1
endAtStart(6V), 0l ), G =1,2,- Ny —1, 1=1,2,- 0y,
“4.11)
k=1,2, ,n
presenceOf(ol(?) = (lengthOf(ol J) 9( )) :
Wherepl(jz(nﬂe(s) 27"'7)\k,l7l:1727"'70k7
k=1,2,---,n

(4.12)
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presenceOf(él(?) = (lengthOf (51(,13')) 2 ﬁd)
whereel(? =eq,j =12, A —1L1=1,2-- 0y,

k=12, ,n

(4.13)

Equations 4.2 to 4.5 define the job interval variables, path interval variables,
and operation interval variables. Equation 4.6 restricts that each job should select
one and only one path. Equation 4.7 further imposes the alignment of start/end
time on the operation interval variables and their corresponding path interval
variable. Moreover, the presence of the operation interval variables in the same
path should be the same, as described in Eqgs. 4.8 and 4.9. The operations should
also comply with the precedence constraints and be executed sequentially. This
constraint is imposed by Eq. 4.10 and 4.11. Finally, the length of each operation
should be equal to or greater than the given delivery time or transfer time, which

are described in Eq. 4.12 and 4.13.

In this subsection, we have constructed part of the CP model that is related to
the transportation job set. In the following subsections, we will investigate the
material handling operations on a node and a transfer site whose interval variables

have been introduced for jobs.
4.1.2 Operation Constraints on Nodes

In the MHNSP, the vehicle of a node receives a set of operations
decomposed from candidate paths of all jobs. The interval variables for these

delivery operations acquire the transportation resources to move from the pick-up
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point to the drop-off point. The CP solver will arrange the processing orders of

these operations on each node to achieve the optimization goal.

Figure 4-4 shows an example of the operations scheduled on nodes. The

solution is the same as the one shown in Fig. 4-2 in the previous
that we reorganize the operation intervals from the nodes’ perspe

in the figure, the delivery operations in a node are aggregated fro

subsection, except
ctive. As shown

m different jobs

and different paths. For example, the operations on node 8 are from job Ji, Jo, Js,

and J,. Therefore, the main idea in constructing the constraints in nodes is to

gather all the operation interval variables executed on each node in a set and

establish the constraints of empty-car moving time between two consecutive

operations when they are both present.

Node 12 4
Node 11
Node 10 1
Node 9+
Node 84
Node 74

s
w2201

oy

Node 64
Node 5 §
Node 4+
Node 34
Node 24

W 5
e of)

) @
e T8,

Node 14

Makespan: 292

________

(5)

2 0773

[ 50 200
time Empty-car Moving Time

250

300
Blocked Time

Figure 4-4. Gantt chart result of nodes from the CP model.

In CP modeling, the constraining operator noOverlap((Q)) restricts the

intervals sequentialized by the sequence variable () not to overlap each other. We

need to collect operation interval variables that are to be executed on each

transportation node to model the processing constraints on the node. Let the
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delivery operation interval set for node 7 be

i k) | (k k) ok
X0 = {Ol(,j) ‘pl(,j) (771(,3')79( :

k k .
l,j 751(,]'))777[(,3') =1

F=120 0 Ml =12 o, k=12 n}.
Note that operations are from different paths of different jobs yet executed on node
i. In our MHNSP, the delivery operation p = (i, 6, §) represented by an interval
variable 0 € X (@ is the actual material movement on node i. If p' = (i, ', 8') is the

next operation of p and its interval variable is o/, an empty-car moving time Téf)

9’ is
required between intervals o and o, which is the transition time between two

successive intervals (operations).

In CP, the transition time between two successive intervals in a sequence
variable can be modeled by setting a positive “type” integer to each interval in the
sequence. The transition time from one type to another can be specified in
advance. Since a delivery operation is executed from a pick-up point to a drop-off
point, there are x? “types” of operations. Follow Liu and Yang[16], suppose we
define the type of an operation interval as the product of its pick-up index and the
number of P/D points of the node plus the drop-off point index. Therefore, the type
of interval o representing operation p = (i,0,9) isy = (f — 1) - k; + 9, and the
type of o' isy’ = (0’ — 1) - k; + 0’. We can set the transition time from an interval
of type ¥ to an interval of type ¢ as the empty-car time ng,. We can ask the CP
solver to separate two non-overlapped intervals with the specified transition time
for us. In our CP model, the transition times are the empty-car times between two

delivery operations on the node.

In CP modeling, the interval variables specified in an “advanced sequence
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variable” must have an integer type specified. The enhanced definition of the
sequence variable is ) = seq(X,Y’), where Y is the associated list of types of the
intervals in X. Associated with this enhancement, the constraining operator
noOverlap(Q, ®) separates non-overlapped intervals with transition times specified
in the matrix ® = [¢, ;/|. The transition time ¢; ; > 0 is used to separate an
interval variable of type ;7' from its preceding interval of type j. Therefore, in the

solution of our example, endOf(0) + ¢, ;» < startOf(0’).

To take advantage of the enhancement, we define sequence variables for
nodes as Q) = seq(X®,Y®), i € V. The integer type list
i) k k k .
Yy = {(91(7]-) — 1) C K+ (51(7]-) ’ 771(,]') = q;

J=12 Nyl =1,2 o, k=1,2,--- ’n}

(k

L j) in X, Note that the dimension

is the associated type values of the intervals o

of the transit time matrix for node i is k7 x k2. The transit time matrix is

P = [¢§ZH - {T(,(i)’(;*hzmz) , where 0 = (j — 1) mod k; + 1 and

Ry XK‘i

0% = [i—/} . Then, the enhanced constraints used in our CP model is

noOverlap(Q®, ®@), Vi € V.

For example, if node 7 has three consecutive operations p; = (4,2, 1),
p2 = (1,2,3), and p3s = (i, 1, 3) to be executed. The interval set
X@ = {2, 2y, 73} is defined for these three operations. Suppose node i has

k; = 3 P/D points with from-to time matrix

01
MY =14 0 3
5 6

[\

e}

Since there are x; - k; combinations for a pick-up/drop-off pair, x? = 9 types
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of delivery operations exist. Therefore, the transit time matrix from type to type is

0001112 2 2
444000333
555666000
000111222

dD =14 44000 3 3 3
555666000
000111222
444000333
5556 6 6 00 0

From the type definition, the type of interval x1 isy; = (2 —1) -3+ 1 = 4.
Similarly, yo = (2 —1)-34+3=6and y3 = (1 — 1) - 3+ 3 = 3. In the CP model,
the sequence variable for node 7 is then Q) = seq({z1, zo, 23}, [4, 6, 3]). Suppose
the enhanced constraint noOverlap(Q(i), <I>(i)) is specified and x5 +— x3 +— 27 isa
value for the sequence variable Q). The corresponding type sequence
Yo — Y3 —> Y1 18 6 — 3 — 4. Then empty-car time qbég =5H= T?E’{ separates

operations ps = (7,2, 3) and p3 = (4, 1, 3), where the vehicle travels empty from

point 3 to 1. Therefore, in the solution

endOf(xs) + qbé% < startOf(x3).

Similarly, gzﬁz(f;lt =6= Tég separates delivery operations p3 = (i, 1, 3) and

p1 = (1,2, 1) for traveling from points 3 to 2.

Notice that all node vehicles initially reside at the 1% P/D point. To model
the empty-car moving time to the pick-up point of the first operation executed by a
node, a dummy interval variable is added to the interval set. That is
X« X0 U {0}, where startOf(o’) = 0 and lengthOf(0{) = 0. The type of

dummy interval is y(()i) = 1, standing for a dummy operation that starts and ends at

point 1. The type list is updated as Y@ + Y@ & (. Since the start time of the
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dummy interval is set to 0, it will always be the first interval appearing in the

solution of a sequence variable.

Summary

The CP Model relating to constraints on nodes is summarized as follows:

Definitions of Interval and Sequence Variables

QY = seq (XD, YD), vieV, 4.14)
where

X() {Ol])‘pl)_ lj)70l(]’6( ) ):Z;]:]-?Q)"'a)\k,la

(4.15)
[ = 1727"' y Ok k= 1727'” 7n}U{OéZ)}
YO = (08 = 1) i+ 05 |0 =i g =12+ A,
(4.16)
[=1,2, 04 k=1,2,---,n|®1
Constraints
startOf(ol’) =0, VieV 4.17)
lengthOf(o{’) =0, Vi € V (4.18)
noOverlap(Q¥, ®V), Vi e V, (4.19)

KRS XRKS
k2 k2

Equation 4.14 defines the sequence variable for each node, where X () is the
set of intervals for delivery operations executed on node 7, and Y ) is the list of

associated types for X ¥ to model the empty-car moving time between two
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consecutive operations. Equations 4.17 and 4.18 restrict the dummy interval o(()i) to
have zero length and start at time 0. Finally, Equation 4.19 states that there can be
at most one operation executing at any moment on each node, and there is an

empty-car moving time between two consecutive operations.

In the next subsection, we will describe the techniques for modeling a

transfer site having capacity limit and transfer time requirement.
4.1.3 Operation Constraints on Transfer Sites

A transfer operation of a job is conducted at a transfer site right after a
delivery operation is executed by a node vehicle. However, the vehicle is blocked if
there is no vacancy on the transfer site. A “blocked” vehicle cannot drop the load at
the drop-off point, which is also the source point of the successive transfer site.
When a vacancy is available, the vehicle detaches the load and is freed for the next
delivery operation. On the other hand, the once-blocked job starts the transfer

operation at the transfer site until it reaches the target point.

The number of transfer operations conducted simultaneously in the transfer
site ey is limited by its buffer size wy, and each transfer takes at least 3, time to
reach the target point. Therefore, buffer size restricts the operation count on the
transfer site. Since the transfer time in the transfer site ey is 4, a transfer interval
variable x contributes to the count function of the site by 1 from startOf(x) to
endOf{(x). This contribution can be regarded as a pulse function whose value is 1
in the range of the interval and O outside the interval. Adding up all the pulse

functions on the transfer site e, yields a cumulative count function. Figure 4-5
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shows a cumulative count function that adds up 5 pulse functions from interval

variables whose lengths are generally different.

Transfer Interval Variables and Cumulative Function of Resource

Transfer |
Intv. Var.

(site | _ - -
capacity:2) Cumulative

Function
(resource) \

14

Figure 4-5. Illustration of transfer operation interval variables and cumulative
function of resource.

In modeling the buffer size constraints on transfer sites, we first aggregate
the transfer operation interval variables for each transfer site. The interval sets for

all transfer sites are

F(d) = {655)‘655) :6d;j:1727”' 7)‘k_17k:1727'” ) T

Note that el(? is the transfer site that conducts transfer operation between

delivery operations pl(’kj) and pl(”;)Jrl, where the transfer operation is represented by

()

1. - The cumulative count function of site e, is

interval 0

C9D'= 3" pulse(o,1).
oEF(‘i)

The constraint of buffer size is then modeled as

alwaySIn(C(d)7 0, Oa u)d),VO € F(d)y d= 17 27 R A
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Summary

The CP Model relating to constraints on transfer sites is summarized as

follows.

Definitions of Interval Sets

F(d):{él(,l;)‘el(yl;)zeda]:1727 a)‘k_lakzlaQa"' y 1Y

1=1,2, 0}, d=1,2,--- 1
(4.20)

Constraints
alwaysin(C'Y 0,0,wy),Yo e D d=1,2,--- r 4.21)

where C@ = S, 1w pulse(o,1).

The capacity limit of each site is imposed in Eq. 4.21, where wj; is the

capacity limit for site d.

4.2 Integer Programming Model for Material
Handling Network Scheduling Problem

This section presents the Integer Programming Model for solving the
MHNSP. Following the structure of the proposed CP model in the previous section,
we first introduce the decision variables of the model and depict the optimization
objective. After that, detailed constraint construction steps for transportation jobs,
nodes, and transfer sites are presented. The buffer size constraints on transfer sites,

which incur complex logical formulations, are last deliberated.
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The main difference from the proposed CP model is that we do not use the
hierarchical structure for the IP model. In fact, the IP model only solves for the
start time of each operation as shown in Fig. 4-6. Note that the solution is the same

as the example presented in Fig. 4-2 on page 62 in the previous section.

Makespan: 292

) SII) (S (5)
Job 5 (22 =1) X201 X310 X5 X5 Xy 5
@) s (4) o (@) )
Job 4 (2" =1) X X X1,2 A K P
3) o3 3(3) G ©(3),3) o3 E
Job 3 9 =1 R R R MR R |

0 50 100 150 200 250 300
.
ime Storage Time ~ Wmm Transfer Time [ Blocked Time

Figure 4-6. Gantt chart results of an IP solution.

4.2.1 Decision Variables and Optimization Goal

Solving an MHNSP involves selecting a candidate path for each job and
scheduling the start time for each operation on the path, including delivery and
transfer operations. The goal is to minimize the longest makespan (completion
time) among the scheduled jobs. In the following, we will introduce the decision
variables of the proposed integer programming model, where the makespan and the

optimization goal can be expressed in terms of these variables.
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Decision Variables

Path selection and operation sequencing are two primary decision tasks in
solving an MHNSP. The path selection uses a binary variable for each candidate
path to signal whether the path is selected. The binary variable is
zl(k) e {0,1}, 1=1,2,--- 04, k=1,2,--- ,n, where zl(k) = 1 indicates the [-th
candidate path is selected for job .Ji.. Notice that precisely one path is selected in a
valid solution. The operation sequencing results are illustrated by setting the
delivery and transfer start times for delivery operations on nodes and transfer

operations on transfer sites, respectively. Let the variable

(k)

Lyjo

J=12 N, 1 =1,2,--- 0oy, k=1,2,--- ,nrepresent the start time
of the j-th delivery operation on the [-th candidate path for job J;. Let the variable
:il(?,j =12, Np—1,1=1,2,--- oy, k=1,2,--- ,nrepresent the start

time of the j-th transfer operation on the [th candidate path for job J;. Note that

is conducted on transfer site e(k)

(k)
Lj Lj+

the transfer operation with start time &
Optimization Goal

The objective of solving the MHNSP is to minimize the maximal makespan
of jobs. We define a decision variable for the makespan C™**. Therefore, the goal
is:

min C™*, (4.22)

subject to the following part of constraints:

k 7] k max k _/~ A %
xl(,)\)hl + Té%) S L (1 - Zl( )) + C ) pl(y)\)k,l - (7]7 07 5)7 (4 23)

l:1727"'70k7 k:1727"'7n7
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where L is a large number. Here, 7, 6, and ¢ denote the node, pick-up point index,
and drop-off index of the last delivery operation on the [-th candidate path for job
Ji. The constraint ensures that for any selected path, the makespan C"™** must be
larger than or equal to the completion time of the last delivery operation on that

path.
4.2.2 Variable Constraints on Each Job

This subsection illustrates the constraints of the introduced variables on the
transportation jobs. Two primary constraints on each job are: only one candidate
path is selected, and the operation execution precedences on each candidate path

are kept. To ensure that only one path is selected,

Ok
SeM =1 k=12 n (4.24)

=1

For the precedence constraint, the end time of a delivery operation must be
before the successive transfer operation if the path is selected. Therefore,

k 7 ~(k k .
xl(aj)—i_Té%)S‘rl(,J)—i_L(l_Zl( ))7j:1727 7)\l,k_17

(4.25)
l:1727"' y Ok k:1727 » 1,
where pl(f;.) = (7, 0,6 ). Similarly, the end time of a transfer operation must be
before the next delivery operation,
i i<+ L(1-2M) j=12 0 -1
(4.26)

l:1727”'70-k7 k:1727"'7n7

(k)

1; = eq—the transfer site that conducts the transfer operation associated

where ¢

(k)

l7j 1S ed.

with Z

In these constraints, L is a given large number. The equation ensures that if
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the [-th optional path is selected for job .J, all operations within this path must

follow the delivery orders.
4.2.3 Operation Constraints on Nodes

The operation constraints on nodes focus on the required empty-car moving
times between two consecutive delivery operations. Similar to the development of
the CP model, we need to construct the variable set representing the delivery
operations executed on each node

X0 ={a?) | o) = (n,0,6),n =

G=120 0 N [ =1,2 op, k=1,2,-+- 0}, Vie V.

Since the operations executed on node ¢ are yielded from different paths of
different jobs and their execution order are to be determined, we need to reorganize
the variables in X ) for modeling convenience. We collect the operation start time
variables with their job indexes, path indexes, pick-up, and drop-off point indexes

as S-tuples and index the tuples from 1 to the total count of delivery operations on

(k)

node i. Therefore, if the index for variable z;

is j, whose operation is

P = (0,015, 05)), the wple is (4, &5, 00,05, 65)) = () k. 1,07, 6%)) Let

Lj"

the set of the indexed tuples mapped from X ) be

YO =Ly B0 10,60, 60) [ j =12, %}, VieV,

j )

where v; = ‘X ()] is the number of delivery operations executed on node 7. The

integer programming model will sequentialize the operation orders on each node.

Since there is only one vehicle available for each node, the start time of the

successive operation must be later than the end time of the preceding operation
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plus the empty-car moving time. In Fig. 4-7, the delivery operation pﬁ with the

start time :vﬁ is executed right after pgi with the start time xg on node 35;

therefore, there is an empty-car moving time 71(8?17 from P/D point p§50) to p§57).

Node 12 Makespan: 292
Node 111 3 )
Node 10 gy

Node 94

Node 81 ot T 5. ) ol

Node 74

Node 61 ) I o A ) F@"ﬁ‘?ﬁ)

Node 5 1 1,17 X_ 10,)1(7:(14’;)1 10,;(7_ 21, 17Xg)1 B 10;.(7(25?)1

Node 4 ity x.

Node 34 f%.

Node 21 o R L o

Node 11 o o : e

0 5‘0 160 1_%0 260 2_;:0 360
time I Empty-car Moving Time I Blocked Time

Figure 4-7. Gantt chart results of an IP solution on nodes.

If the operation of the j-th tuple is executed right after the j’-th tuple, then

y](-f) + ng) 50 + Tg(fi)) 40 < yji). In the above example, it means
]'/ k) j/ j/ ’ J

:z:g + Tl(;)w + 71(8?17 < xﬁ To set the succeeding/preceding relationship, we need

the binary variables for the operations of j'-th and j-th tuples. We define the binary
variable ¢\7); € {0,1}, Vj',j € {1,2,--- ,%},j' # j. ¢\, = 1 indicates that the
operation of the j-th tuple is executed right after that of the j’-th. These binary
variables help to establish an operation sequence on each node. Since there are ;
operations executed in node i, there will be ; — 1 variables with value 1 assigned
while others are 0. However, there are some circumstances where no operation is
“actually” executed in node ¢. From the perspective of CP, this means that all the
operation interval variables on the node are “absent”. We introduce the binary

variable ¢ € {0, 1} for node i. When ¢ = 1, there is more than one operation
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present in node 7. The variables introduced and constraints on these variables are

listed below.

Summary

Definitions of Variable sets

v = {(y0 0,10, 6 1)\j:1,2,---,7i},vz‘ev, (4.27)

VERRVER R B
where the j-th tuple (y] ,k] ,ﬂjl ,91(1, ]Z) = (xlj,k l 0,(_12 ,(5 )1s for variable
7 in X0 =
{zl(,kj)‘pl(,kj)5(777975)777=i;j:1,2,---7/\l7k7l:172’...’0k7]{;:172’...’71}’

Vi€V, and vy; = ‘X(i)

Binary Variables

¢\ €{0,1}, Vi j € (1,2, 3} A VieEV (4.28)
gV e{0,1},VieV (4.29)
Constraints

i i i 1 k K’ 7t

] )
(4.30)
B XONS T 1O R W N OV B S A L7
k= J >l_lj’7k_kj’7v]>]€{1>2> ,71}7]7&],VZ€V
Vi . . s
(£.62) =2 himpai
I'=L3'# (4.31)
j:1,2,,’YZ,VZ€V
i . .
( 3 q]{]))—1<L(1—zl No=00k =k,
i'=1,3"#3 (4.32)

j=12 v, VieV
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Y v 0 Vi (1}5”) » '
S =z L —dY, VeV (4.33)
=15=1, =1

3'#j

Vi (fc(.i)

0<L (1 — q@) + Zzﬂif ) —1,VieV (4.34)
j=1

(i ) - (1)
Tso =Y SL X aritl—zy | =12 % Vi€V (435)

j'=1, J
J'#j
Constant

L : a sufficiently large positive number (4.36)

Equation 4.30 states that when both the operations of j’-th tuple and the j-th

tuple in Y ) are present and the j-th is executed right after the j-th, i.e., qj(-f) =1,

J

the start time of the j-th operation y§i) should be later than the start time y](-f)

plus
the delivery time of the j'-th and the empty-car moving time from the j’-th to the
j-th. Equations 4.31 and 4.32 impose the constraints on the operation of the j-th
tuple such that there is at most one operation succeeding it and right after it.
Moreover, when there is more than one operation present in node i, i.e., ¥ = 1,
the summation of q](ZJ), should be equal to the number of operations present in node
¢ minus 1. Equation 4.34 tests if there is more than one operation present in node <.
Finally, Eq. 4.35 demands the start time of the first operation executed in node ¢ be

later than the empty-car moving time from the initial P/D point to the pick-up P/D

point of the operation.
4.2.4 Transfer Operation Constraints on Transfer Sites

This subsection explores the constraints on the transfer site buffer. First, we

need to identify the pair-wise overlapping relationship to know whether a set of
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operations overlaps. After pair-wise temporal overlaps are identified, we model the

buffer size constraint on the count of concurrent operations at any moment.

Figure 4-8 demonstrates this idea. A set of operations overlap with each

other in time if and only if they overlap pair-wisely in time. If we can define a

(d)

binary variable a; ; in site ey to represent that the i-th operation overlaps with the
j-th, we can identify if a set of operations overlap with each other in time. On the
left side, the three operations overlap with each other in time; therefore, all the
pair-wise relationship a,(f,l) = 1. However, on the right side, the three operations do
not overlap with each other temporally, which can be identified from the pair-wise

relationships.

Examp|e of al(éil) = a,.(":]l.) = al(:,j/) =1 Example of a,(f,) = a,fg) =1, a;ﬂ() =1, al(g]) #1

Figure 4-8. Illustration of two examples of three transfer operations in the site.

The constraints on a transfer site focus on the count of transfer operations
concurrently under executions of transferring. Similar to defining the delivery
operation set for a node, we will define the variable set representing the transfer
operations to be executed for each transfer site. We have a set of operation start

time
X(d):{jl(,];)‘el(,];):ed’j:Lz’ 7)\’?71_17 l=1,2,-- o5, k=1,2,-- ’n}

for transfer site ¢4, d = 1,2,--- ,r.
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Similarly, we will reorganize the variables in X @) for modeling convenience.
We collect the variables accompanied by their job indexes and path indexes as
4-tuples and index them from 1 to the number count of transfer operations on the

transfer site e;. Therefore, if the index for variable ftl(l;), mapped in the new set is 7,

the tuple is (gjj(»d), k 3(4)7 ZJ(-d) égd)) = (fl(];),, k,l,j ) . Let the set of the indexed tuples
mapped from X @ be Y@ = {(y](-d), l%éd), f§d), ~§-d)) ’ j=1,2,--- ﬁd} , where

Yqg = ’X (d)‘ is the number of transfer operations conducted in transfer site e,.

However, since the spanning time of a material in the site is indefinite, we

need to collect another set to retrieve the end time of an operation in the transfer
k(@

. Y N J
site. Let V(@ = { 5@ = Ta oy
;7,87 +1

) j=12--- ,ﬁd} be the end time of

operations associated with Y (4,

In transfer site ey, a transfer operation takes at least 3; time to reach the

target node. The operation start times gjj(-d) on the site are determined by the IP

solver subject to the buffer size w, limit. In other words, at most wy interval
variables overlap at any time. We introduce binary variables a§'/i7)j- € {0,1} for
indicating whether the start time of the j'-th transfer operation happens when the

j-th is in the site. Therefore, g](.d) e

G <yp <y

@5 '€ {1,2,++ A} j # 5 when

agfl’)j = 1. Also, we define the binary variable &ﬁfoj € {0, 1} to indicate if the start of

the j'-th and the j-th operation are the same. Namely, yf(»d) = i

j i when a

The buffer size constraints are implemented by limiting the number of
overlapping operations to be less than w; + 1 at any moment. Therefore, for any
selection of wy + 1 intervals, the summation of the pair-wise overlapping indicator

ag-’dj), must be less than wy + (wg — 1) + (wg —2) +--- + 1 = w — @
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Consequently, the buffer size constraints enumerate the combinations of
wq + 1 operations to limit the pair-wise overlap count to be strictly less than @@,
Let Q(m, {1,2,--- ,n}) be the operator that returns all of the selection
combinations of m indexes from a set of n indexes as a list of sets of m indexes.
The number of non-repeatable combinations of m indexes from n dissimilar
indexes is C! = (n#'),m, = (Z) For example, (3, {1, 2, 3,4}) will yield
{1,2,3},{1,2,4},{1,3,4},{2, 3,4} as four combination sets. In our model, let
by = (wZiJ be the number of combinations of selecting w, + 1 operations. Let the
index sets yielded from the operator Q(wq + 1,{1,2,--- ,34}) be
Agd), Agd), R Aéj)- We need to establish constraints to avoid that for any index set

Agd), J=12--- l;d, all the operations in the set overlap with each other

temporally, thus exceeding the site buffer limit.
Summary

Definition of Variable set

VO = {0 B L 50) |G =1,2, Aa, d=1,2-- 0 (437)

where the tuple (y]( , P ) = (:I:l(];),, k1,5 ) is defined for variable a?l(’;), in

j % 097
the set
X(d) {xl(k) @l(lj)—e j:172a"'7A/€,l_]—7l:172a"'70k7k:1727"'an}a

where 4 = ’f((d)‘.

£(d)
Y(d) = {gj(d) = xﬂdjg(d)+1 j = 1727"' 7;5/d} ) d= 1727"' T (438)
3 0%
Binary Variables
Y € {0,1},Vj,j/ € {1727 7;5/d}7j 7éjI7d: 1727"' T (439)
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s € {0,135, 5 € (1,2, Fab i # 7 d=1,2,-- 1 (4.40)
Constraints
J9 4y <59+ L(3— 0@ — o9 — o)
, 4.41)
JD < 4D —u 4 L (3— 0 — oY — )
~(d ~(d ~(d k 14
19 <39+ L (3—a - 20 — )
, 4.42)
~ ~(d ~(d k 14
9 < gD+ 0 (3-a? - 20 - 2)

where | = I\ k = K\V 0 = 19 1 = kP V), 5 € (1,2, Fa}, 5 #

j,7d:1727"' , T

()

Z Z a] J’ + Z a W —vtl|wat 1 - Z Q) ;
jeA? jreal?, (7,4") jeAd b
j 7@ €Q(2,49)

Z.:]-727"' aBdad:1a27"' T

(4.43)
Constants
Gy = Pl t ) (4.44)
2
by = (Wji 1) (4.45)
v : a sufficiently small positive number (4.46)
L : a sufficiently large positive number (4.47)

Equations 4.37 and 4.38 collect the start time and the end time of operations
conducted in the transfer site d, respectively. When the j-th operation and the j’-th

overlap, either agdj),, gd)J, or a(d) (- (d) ) would equal to 1. Equations 4.41 and
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4.42 ensure the previous statement would hold true when both the j-th operation
and the j'-th are present and overlap. Finally, to comply with the capacity limit,
there must be strictly less than w,; + 1 operations overlapping with each other at any

moment, which is realized by Eq. 4.43.

In the next section, we will introduce the metaheuristic algorithm for solving
the MHNSP and particularly emphasize the solution encoding/decoding procedures

and the details of the proposed Permutational Differential Evolution method.

4.3 Metaheuristic Algorithm for Material Handling
Network Scheduling Problem

Metaheuristic algorithms are renowned for obtaining suitable solutions to
extensive optimization problems in real-world applications. This section develops
a metaheuristic algorithm for solving the MHNSP. First, a detailed illustration of
the solution representation scheme, an integer array encoding scheme is presented.
Subsequently, we outline the decoding procedures that lead to evaluating the
makespan and violation metrics. Since material load buffering is involved in the
problem, discrete-event simulation techniques are employed in the decoding

algorithm.

Accompanied by the encoding scheme and decoding algorithm, a
permutational differential evolution algorithm is lastly proposed for solving the

MHNSP, which is regarded as a complex simulation-based optimization problem.
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4.3.1 Solution Encoding and Decoding

The ingenuity of using metaheuristic algorithms to solve optimization
problems lies in creating an efficient encoding scheme that minimizes
computational resource use while searching for optimal solutions. Additionally,
pairing the encoding scheme with an efficient decoding procedure is essential for

achieving high-quality solutions with fewer computing resources.

Different encoding schemes associated with dedicated decoding procedures
can be developed to solve our MHNSPs. The following will illustrate a
straightforward encoding scheme and a decoding procedure to determine the path
selections and operation execution orders complying with precedence constraints

for the MHNSP.
Encoding Scheme

The solution to the MHNSP is encoded as a permuted index array,
commonly known as the permutation encoding. The indexes range from 1 to the
total number of delivery operations decomposed from all candidate paths of all
jobs. Let )\ be the total number of delivery operations, A\ = kz: lgé Ak, where A g,
is the number of operations on the /-th candidate path of job .J,. We aggregate all
delivery operations to index them from 1 to \. Each operation is represented as a

6-tuple consisting of its properties. Let the indexed operation set be
W = {’lIJj = <kj7lj;§j7ﬁj79j75j) ‘] = 1,2,"' ,5\},
where lzrj is the job index of operation 7, ; 1s the candidate path index, 5; is the

sequence index on the path, ); is the execution node, 9j is the pick-up point index,
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and 5]- is the drop-off. The delivery operation j in W is plﬁ’?{) = (1, éj, 3]-), which
3955

belongs to the path ﬂ;m in the candidate path set 11 of job J;.. We encode a
J

solution as a permuted index array
w = [wiwy - wy), w; € {1,2,--- A}, wj # wy, V4,5 € {1,2,--+ A}

The permutation array, therefore, arranges the decoding sequence for these indexed
delivery operations. That means operation w; will be the j-th scheduled operation
in the decoding procedure. This simple encoding scheme does not encode
dedicated variables for path selections and transfer operations. Moreover, the
permuted operations on the same path might violate precedence constraints, and no
modeling for the buffer size constraints on transfer sites. These issues will be
resolved in the decoding procedure, which is a constructive algorithm that

generates a valid schedule for the problem.

Revisit the example introduced in the end of Section 3.1. There are two
transportation jobs, where job .J; has two candidate paths. Figure 4-9 shows the
indexed operation set and a permuted index array for the example. According to
the permuted index array, operations in the ﬂél) would be executed in the order
(2,1,4) — (1,1,2) — (4,3,1) — (3, 3,2). However, this order sequence would
violate the precedence constraints, that is, the operations in a path should be
executed by the given sequence. In this case, it is

(1,1,2) — (2,1,4) — (3,3,2) — (4,3, 1) to comply with actual material moving

path.
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Figure 4-9. Illustration of two examples of three transfer operations in the site.

Decoding

The decoding procedure follows the generated sequence to deal with each
delivery operation until the schedule is completed for objective value evaluation.
We define [}, k = 1,2, --- ,n as the selected path index for job J;, and initially set
it to O for not being determined. During the decoding, the selection index is set to
the path index of the first encountered operation of job Ji, i.e., [} < I ; if operation
J in W is the first operation of job .J;, dealt with. Once the selected path is set,
successive operations on other paths of the same job are directly skipped without

scheduling, since the path is not selected.

As mentioned before, the execution of delivery operations on a path must
follow the precedence orders. The permuted operation sequence for a path might
violate the precedence constraint. Therefore, we define a sequence index ¢, for
each job Ji. The index starts from 1 and is forwarded once the preceding operation
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is scheduled. Thus, in dealing with operation w; of W, we only identify its path
index and job index, i.e., l} and l%j. The target operation to be scheduled is of the
sequence index §.. In decoding the integer index array solution w = [wws - - - wy]
to the MHNSP, we will set start times of delivery operations on the selected path,

Le., Il(l;),,j =1,2,- A=

As indicated, the permuted index array represents a solution that defines the
delivery operation execution orders that will not violate precedence constraints on
operations of the same job and determine the candidate paths. In the first stage of
the decoding procedure, we follow the given index array to select candidate paths
and assign the execution sequences of the delivery operations executed on each
node. In this stage, we decode the given integer array w to construct the sequence
of delivery operations selected for each node while discarding those unselected.
Let the 3-tuple b; (kj(z , lj(Z S ) be the j-th “execution” for node 7, where k:j(-i)
is the job index of the j-th executed delivery operation, l§i) is the candidate path

index of the operation, and s§-i) is the operation sequence index on the path. Then,

let BO) [b“

=1,2,---, )\(")} be the execution sequence of node .
Therefore, the j-th executed delivery operation on node ¢ is
(k) (k{7

(4) JAQ)
P o = = (1, le () 5l((k§ )()) = ( 6\ st )) which belongs to the path 7r((> 'in
J

AR A
j s i 55

the candidate path set II; of job Jj .

Figure 4-10 shows the conceptual idea of stage 1 in the decoding procedure.
The path selection for each job is done by picking the first occurrence of the
operation in the path for the job. In this example, the 5" operation shows up prior

to the 2™; therefore, the path 7r( ) is selected for job J; (refer to Fig. 4-9 for the
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details of paths). The operation sequence in a path is amended simultaneously
while selecting the path. Meanwhile, the sequence of delivery operations in nodes
can also be identified. In this example, the 8™ operation is ahead of the 6 in the
encoding. As a result, the operations are executed in this order in node 3. In fact,
when the decoding procedure is completed, this index array solution should yield
the same result as solution D in Section 3.1.5. The Gantt chart was shown in Fig.
3-11 on page 38.

Permuted Index Array W

N N N N N N N SNy
=3 — = el — — el o3 o
g d s e 2 2 F F 28
88 5 2 908 | 4 7 3 6
path selection delivery
& operation operations
sequence fixing 8149 567 v sequencing
4 5 8 © 7 9
Node 1 Node 2 Node 3 Node 4 Node 5

Figure 4-10. Illustration of the concept in the first stage of the decoding procedure.

Note that transfer operations associated with the previous delivery operation
on a transfer site are indefinite since transfer operation times are not fixed. They are
determined when the material loads are picked up in the following delivery
operations. When no buffer vacancy is available on a transfer site, the succeeding
delivery operation cannot start where the vehicle and the completed delivery
operation job are blocked. As a result, it is impossible to know the states of the
material handling network beforehand. Therefore, the decoding procedure employs
a discrete-event simulation process with two discrete-time events to coordinate the
sequence of delivery operations on nodes and maintain the buffer availabilities on
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site.

Two indexed discrete events are defined: 1) a delivery operation starts and 2)
a delivery operation ends. The succeeding transfer operation may start right at the
end of the preceding delivery operation if there is a vacancy on the transfer site;
otherwise, the current delivery operation is blocked until one of the delivery
operations completes and starts its next delivery operation, thus yielding a vacancy.
Note that all transfer operations end right at the start of the succeeding delivery

operations that remove the load from the occupied buffer of the transfer site.

Notice that the discrete event is always associated with an “execution” on a
node. Therefore, we define an event as a 4-tuple (f, 7, %, ]A) , where { is the event
time, § € {1, 2} is the event type, and b;.z) is the execution associated. When ¢ = 1
the future event happens at time ¢ on node 7 to start the j-th delivery operation,

y = 2 to end the operation.

Discrete-event simulation techniques are executed in the second stage to
construct the full schedule for all operations following the availability of operations
and node resources. To bookkeep the operation execution sequence, let 2(*) be the
execution sequence index of the node <. Similarly, let z; be the operation execution
sequence index of job .J,. We bookkeep and update the available time »(?) of node i
when it arrives at the drop-off point and the load starts its transfer operation.
Conversely, we bookkeep and update the available times vy, of job .J;, when the
transfer operation had started for the minimal transfer time on the transfer site,

where the succeeding operation can be processed.
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Before the procedure starts, the future event list is constructed by inserting
feasible operation-start events. Let the list be /' = [fifo-- - f; fj+1-- -], alist of
events arranged in ascending order of their event times, i.e., fj < fj+1. Then, the
discrete event simulation starts to schedule delivery operations subject to
precedence constraints on jobs, sequence constraints on nodes, and buffer size
constraints on transfer sites as well. Each simulation step removes the head event
f1 from F' for processing to update related system states. In event processing, new
successive events might be generated and inserted back to F'. The new events are
inserted into the right places by checking their event times and maintaining the
events in the correct order. The simulation procedure is, therefore, repeatedly
removing the head event to process it and inserting back newly generated events

until £ is empty.

During the event processing, state variables, such as the job and node vehicle

available times, are repeatedly updated while the start times of delivery operations,

(k)

Il;;,j’

and transfer operations, fl(f)J, are set step by step. However, when the

deadlock happens, the event list /' would become empty prematurely, where not all

(k)

5.5

(k)

and z,.”., are set.
I

X

A deadlock means that a resource in the system is required but it will never
be released. Consider the network in Fig. 4-11. There are two nodes and a transfer

site with a capacity limit of 1 in this network.

Nodel [2] 1 »[1] Node 2

Figure 4-11. A material handling network for deadlock demonstration.
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If we have two jobs, both starts from P/D point pgl) and ends at P/D point
. We have IT; = {=\") = ((1,1,2),(2,1,2))} and

I, = {7r§2) =((1,1,2),(2,1,2))}. We define the indexed operation set W as
W= {iby = (1,1,1,1,1,2),1, = (1,1,2,2,1,2),
= (2,1,1,1,1,2),4 = (2,1,2,2,1,2)}.

If the integer index array w = [1 3 4 2|, meaning that node 1 should execute the
operation from the job .J; first, while node 2 should execute the operation from the
job J, first. However, this is impossible since the transfer site only has one buffer
size. When the material load of job .J; enters the site, the material load of job J,
could not enter the site before the stored material of job .J; is removed from the
site. As a result, no material can enter node 2 eventually, thus causing a deadlock.
When this happens, it is impossible to set the start time of every operation since
some of them will never be executed. In this situation, the makespan cannot be
calculated; hence, we introduce a violation metric to calculate the objective value
by the number of operations not completed. The decoding procedures on a

permuted index array are listed in Algorithm 8.
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Algorithm 8 PermutationArrayDecoder (w)
1: B+ {BOVie V} A« {\IVieV};

2: > Set of delivery operation start time N
X+ {a j=12 ANl 1=1,2, onk=1,2,-- 0}

4: > Set of transfer operation start time N
s X {a) |j=12 Myi—1,1=1,2,-- 0, k=1,2,--- ,n}

6: > Set of job completion time <
7T« { | k=1,2,--- ,n}

8: BO « [|,\0) «0,VieV

9 '« —1,Vo' e X; F <+ —-1Vi¥eX;, <+ -1Vt €°T;

10: > Path selection & determine delivery operation sequence in nodes N
11: SelectPathToSetOperationSequenceOnNodes(w, B, A)
12: > Acquire operation start/end time & job completion time N
13: SimulateOperationExecution(w, B, A, X, X, °T)

14: return CalculateObjectiveValue(X, °T) > Calculate the objective value

(makespan)

Lines 8 and 9 initialize the execution sequence, number of operations in a
node, delivery/transfer operation start time, and job completion time. We initialize
the time with —1 to calculate the number of incomplete operations when the
deadlock happens since a completed operation should have a start time greater than
or equal to 0. The path for each job and the execution sequence in a node are then
determined in Line 11. Afterward, Line 13 finds the start time of each
delivery/transfer operation and the completion time for each job. Finally, the
objective value based on the time acquired in the previous step is obtained in Line

14.
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Algorithm 9 SelectPathToSetOperationSequenceOnNodes(w, B, A)

A |Wliqe + LVE=1,2,--- n;
2. for j=1,2,---,Ado

3: W <= wji k< kil < ly: > Get operation index, job index & path index
4: if [} = 0 then
5
6

I <1 > Set selected path index

else if [ # [} then

t goto 2 for next j

8: J =@ g qe + 1 > Update job sequence index
9: (1,6,0) pl(lj), > Identify delivery operation

10: BW « BO @ (k,1,7); A < A +1 > Append an operation to node i

Algorithm 9 is a procedure to find the selected path for each job and
determine the execution sequence of operations in each node, i.e., B (@) NVievV.
Line 5 sets the path index to [} if it is the first occurrence of the job J; in w. Lines

8 to 10 then append the operation if it belongs to the selected path of job Jj.
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Algorithm 10 SimulateOperationExecution(w, B, A, X, X, °T)

1:

2
3:
4

10:
11:
12:
13:
14:
15:
16:

17:
18:

19:

o ® P W

F+ > Event list
220 1,00 —0:VieV > Set node available time, & op. index
2~ L <— g k=1,2,--- |n > Set job available times & op. indexes
2 by < 051y < wg;d=1,2,--- ,r > Set initial blocked flags & vacancies for
sites

foreach node 7 in V' do
if sgi) = 1 then > If it is also the I*' operation of a job
k <+ k:ii); 0+ QY); T Tl(fg); v — 7
(f, 7, 2,5) — (max (I/(i), I/k> 1,1, 1)
i F« F¥+ (f, 4.1, j) > Insert a start event
repeat until F' = [|
(t,y,i,7) + fi; F + F~f, > Get the head event
ko B 15 5050 6115 o),

l,s l,s
if s # z; then

t goto 10

if y = 1 then > operation start event
StartAnOperation(F, f1, BV v, v {z|Vi € V}, {t4|d =
1,2, ,1})

else > (y = 2) operation completion event

CompleteAnOperation(F, f1, B v, v® 2 {a4]d =
1727"' 7r}7{bd|d: 1727.” ’T})
until F = ||

In the discrete-event simulation, we try to determine the start time of every

delivery/transfer operation and the completion time of each job. We insert the

initial operation-start events if the operation is the first in both the job and the node.

The procedure is described from lines 5 to 9. The simulation is conducted until the

event list /' becomes empty.
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Algorithm 11 StartAnOperation(F, f1, B, v, v® {z|Vi € V}, {i4ld =
1,2, ,r})
L (ty,1, ) < fi;
2: k+ kj(i);l +— l§i); S sg-i); 0 51(?; 0 (51(7’;);
3. if v > t or vy > ¢ then
4: F + F¥(max (I/(i),l/k> 1,4, 9)
5: else
6: a:l(];), — t 2 — 7; > Set delivery operation start time & op. index
7: vt + 7'9(2; v < v, > Set node/job available time
8: F <« FF(w® 2,4, 9) > Upload a completion event
9: 2 — 2+ 1
10: if s > 1 then > If the operation is not the 1* of the job
11: eq el(i)_l; g < Ug + 1; > Get the previous site & add a vacancy
12: if b; # O then > Release the blocked state
13: L F« F+ (t, 2, by, an(,?1>
14: bg+ 0

If an operation is ready to start, Line 7 sets the node available time v to the

time when the load arrives at its drop-off point, and a completion event is inserted

with the event time of the node available time. If the operation is not the first of the

job, we update the states of its previous transfer site. If the site was blocked, we

insert a completion event to allow the blocked operation in the previous node to

enter the site.
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Algorithm 12 CompleteAnOperation(F, f1, BY v, v 2 {a,4]d =

L2, rh{bgld =1,2,--- |r})

—

: (tayaiaj) — fl;
ke ke 1Y s s

[\

ic 4 0;

3: if s = Ay, then

4: ‘bt < t;c <+ 1;

5: else

6: eq el(?; i’ 771(,21

7: if b; = 0 then

8: if iy > 0 then

9: :Z*l(?et;ﬁdeﬁd—l;ukewrﬁd;cel;
10: F+ Ft <max (I/k, I/(i/)) 1,7, z(i/))
11: else

12: t by + 1

13: if ¢ = 1 and j < A\() then

14: vt 4 76(53>79<21; 20 20 41,

15: F« F¥ (mjax ]<V/€, 1/("/)) 1,4, z(")>

> Get the next site & node

> If the next site is available

If the operation is the last of the job, we set the job completion time.

Otherwise, we need to check the availability of the next site. When the next site is

not blocked and available to enter (Line 8), we set the job available to the time

when the minimum transfer time elapses and insert an operation-start event.

Finally, if an operation is completed and it is not the last of the node, the next

operation can try to enter the node.

Algorithm 13 CalculateObjectiveValue(X, °T)

I: X + X U®T; L + 105;
2: if y # —1,Vy € X then

3: O™ +— max (°T)

4 return C™**

5: else

6 return —‘{y‘y:_léfvye’z} L+ L
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When every operation is completed—no deadlock occurs, the objective
value is the makespan. If the deadlock happens, we calculate the penalty term by

the fraction of incomplete operations times a large number L.

In the following subsection, we will introduce the Metaheuristic algorithm

tailored for solving the Material Handling Network Scheduling Problem.

4.3.2 Permutational Differential Evolution Solver

Originally designed for continuous-valued optimization, Differential
Evolution (DE) [22] has been found amenable to several real applications [1]. In
this research, DE has been modified to adapt it for permutational tasks.
Specifically, the crossover and mutation functions have been redefined to handle
permutation encodings, making the DE suitable for solving the Material Handling
Network Scheduling Problem. Moreover, our DE solver has also been modified for
parallel computing. Due to its simple structure in an iteration, the parallelized
version of DE will have less overhead than that of the genetic algorithm, which

involves different stages in an iteration thus less efficient in parallel computing.

Crossover and Mutation

To apply Differential Evolution to permutation encodings, we incorporate
the order-based crossover (OBX) and swap mutation techniques from the Genetic

Algorithm.

The order-based crossover (OBX) process randomly selects C' encoding

positions of another solution w’ to crossover with the base solution w. The order
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of the values in these positions in w is replaced by their order of occurrence in the
other solution w’. For example, in Fig. 4-12, the positions 3, 5, 6, and 7 are
selected when C' = 4. Therefore, the values 0, 3, 4, and 5 are to be crossed over.
The remaining values, i.e., 1, 2, and 6, are kept in the order in the base solution.

Finally, we fill in the selected values according to their order in the solution w’.

v o vV

Another solution W/ 3 5 4 0

~

Crossovered solution N/ 3 5 2 6 4 O 1

Base solution N/ 2 6 1

Figure 4-12. An example of order-base crossover.

In the swap mutation (Swap), two positions are randomly picked, and their
values are swapped. This step is repeated several times to achieve the desired
number of mutations M. The example in Fig. 4-13 selects the positions 3 and 6.

Hence, the values in these positions, i.e., 2 and 4, are swapped.

X M times

3 5 2 6 1

Base solution W/

Mutated solution {7{/’ 3 5 4 6 1 2 0

Figure 4-13. An example of swap mutation.

Algorithm 14 implements the OBX for parallel computing, where
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RndChoice(n, S) randomly selects n elements from the set .S without replacement.
Since the solution w’ might change during the crossover, Line 7 ensures that we
can traverse the solution w’ again when j exceeds \. The implementation of the

swap mutation is listed in Algorithm 15.

Algorithm 14 ParallelOBX(w = [wiw; - - - w3], W' = [wjwy - - - w§], C)
1: I + RndChoice(C, {1,2,--- ,A})

2 W« {wl|Vi € I} > Values to be crossed over

3w w; g1

4: fori=1,2,--- ,\do

s: if @w; € W then

6: while w ¢ W do

7: tj<—j+1;j<—j mod \
8: | @Z(—w;

9: return w

Algorithm 15 Swap(w = [wyw; - - - wy], M)

I: W W

2: fori=1,2,--- ., M do
3. L (j. j') < RndChoice(2, {1,2,--- , |w|})
4 (W, wy) = (wyr, wy)

5: return w

Permutational Differential Evolution

This subsection details our approach to Permutational Differential Evolution.
Drawing inspiration from the original Differential Evolution, where crossover
involves the difference between two parent solutions, we use the order-based
crossover (OBX) and swap mutations (Swap) to combine the base solution with
two other randomly selected parent solutions. If this new solution outperforms the
base solution, it replaces it. The crossover rate C' determines the portion of values
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in the solution to be crossed over, while the mutation rate M decides the portion of
values to be mutated. Let NV be the population size, namely, the number of integer
index arrays used for evolution. We also define the timeout T for the DE to
terminate the process after the processing time exceeds this timeout. The

Permutational Differential Evolution process is outlined in Algorithm 16.

Algorithm 16 Permutational Differential Evolution

. w; < Shuffle([12---)]),i=1,2,--- N

—

2: 0; < PermutationArrayDecoder(w;),i = 1,2,--- | N

3: t < time()

4: while time() —t < T do

5: parallel for: =1,2,--- /N

6: w — w; > Temporary solution
7: (7,7") + RndChoice(2, {1,2,--- , N} \ {i})

8: w’ <ParallelOBX(w', w;, f%’ﬁ)

9: w’ < ParallelOBX (w’, w/, f%ﬁ)

10: w' «Swap(w’, [M - \])

11 0 < PermutationArrayDecoder(w’)

12: if 6 < o; then > Replace the base solution if the temporary is better
13 t 0; < O, W; — W

14: i* < argmin {o;}
i=1,2, N
15: return o;«, Wi > Return the best objective value and solution

Line 1 initializes the integer index array solutions, where Shuffie(.X)
randomly permutes the elements in the list X. Line 3 saves the current time. In
Line 5, parallel for means that the process in the loop, that is, the evolution of an
index array solution, is executed in parallel on different CPU cores. Line 7
randomly selects two other solutions w; and w; to be crossed over with the
temporary solution w’. Finally, Line 12 replaces the base solution w if the

temporary solution w’ is better.
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4.4 Summary

This section has presented an in-depth description of the three proposed
methods to address the MHNSP: Constraint Programming, Integer Programming,

and Metaheuristic approaches.

For Constraint Programming and Integer Programming, we initially focused
on elucidating the methods to ascertain the makespan. We then delved into the
intricacies of formulating constraints relevant to transportation jobs, nodes, and
transfer sites. Regarding the Metaheuristic approach, we explored the encoding and
decoding procedures to efficiently evaluate solutions and proposed Permutational

Differential Evolution to find the optimal solution for the MHNSP.

The forthcoming chapter is dedicated to conducting extensive numerical
analyses to assess the effectiveness and robustness of the three proposed

methodologies.
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Chapter 5

Numerical Tests and Result Discussion

Numerical test problems are required to evaluate the performance of
different solving methods and the solutions obtained. This chapter provides a
comprehensive examination of these aspects. First, we introduce the implemented
solving system for the MHNSP. Next, we conduct four numerical tests and show
their results. These tests include a DE parameter-tuning experiment via Taguchi
method, a model performance comparison test, an extra-large problem test, and
and identical request test. The source code of our solver implementations is
published on GitHub at https://github.com/markmarkchen/

Material-Handling-Network-Scheduling-Problem-Solvers.

5.1 Solving Method Implementations

We introduce the implemented solvers for the MHNSP in the section. We
use the Python API of IBM® ILOG® CPLEX® v22.1.1 to construct the CP and IP
models for solving the problems. We develop the DE solver as a Python package
that uses NumPy and Numba packages and enables parallel computing via a JIT
compiler to convert the Python code into machine codes. Therefore, our
parallel-computing DE solver is being comparable with the highly-optimized
ILOG® solvers. Finally, all of our tests are run on a computer with AMD Ryzen 5

3600 CPU and 64G DDR4-3600 RAM.
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Figure 5-1 shows the manifest directory of our implemented solvers
published on GitHub. We put all the implemented solver scripts in the folder
MaterialHandlingNetworkSchedulingProblemSolvers. In this folder, the file
BenchmarkParser.py provides a class to parse the problem files shown in Section
3.2.4 and returns a benchmark problem object. When solving the problem using

either solver, the problem object is passed to each solver.

Outside the solver folder, we have the script Benchmark Generator (json).py
that generates the numerical test problems specified by the user, where parameters
are listed in the file named benchmark config.yml discussed in Section 3.2.4.
Finally, all the tests are done by the respective scripts named with Test Platform. In
these scripts, the corresponding problem files are parsed and passed to the solvers.
These scripts establish a platform that can automatically conduct the tests and
record the results. The screenshot of the published source code on GitHub is
shown in Fig. 5-2. Readers are welcome to run the codes to reproduce the results,

with IBM® ILOG?® installed.

/

| MaterialHandlingNetworkSchedulingProblemSolvers
MetaheuristicAlgorithmLibrary
__init__.py
BenchmarkParser.py
ConstraintProgrammingSolver.py
IntegerProgrammingSolver.py
PermutationalDifferentialEvolutionSolver.py

| _benchmark config.yml............ USER-DEFINED PARAMETERS
| Benchmark Generator (json).py

| Test Platform (Taguchi).py...............ooonet. TEST #1
| Test Platform (General) .py............covvvvinnn.. TEST #2
| Test Platform (EXtra) .py..cceveveeeemninneennnnnn. TEsT #3
| Test Platform (Identical) .py.......cceevuueeeennn. TEsT #4

Figure 5-1. Directory structure of the implemented solvers.
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Figure 5-2. Screenshot of the source code of solver implementations on GitHub.

5.2 Numerical Tests and Result Discussion

We conduct four numerical tests to study the MHNSP and the proposed
solving methods. First, we conduct a test for DE parameter-tuning via the Taguchi
method. This test identifies the best parameters for each problem scale and
problem type. Second, we run a model performance comparison test. The
proposed CP, IP, and the tuned DE model are compared in this test for solving 360
randomly generated problems in different scales and types. The purposes of this
test are to know the strengths and weaknesses of each solver in solving different
problem scales and types and to compare the makespan reductions when the
problem type changes from fixed to flexible on the same network, i.e., having
routing flexibility. The third test compares the performance of the CP model and
the DE model in extra-large problems. This test evaluates their performance in real
applications. Finally, we will conduct a special test where all the requests share the
same start/end points. This test is to verify that path selection options are indeed

important and can drastically reduce the makespan.
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5.2.1 Differential Evolution Model Parameter-tuning
Experiment via the Taguchi method

The Taguchi method [23] is widely used in the design of experiments to
reduce the number of experiments compared to the full factorial design. In this
test, we try to identify the best parameters for the DE model. We test the numerical
test problems in 1/00, 1/n, n/oco, and n/n types, and there are three scales for
each type: small, medium, and large. Therefore, a total number of 12 different
problem settings are tested to find the best DE parameters for each of the settings.
Note that the problem attribute and notations were introduced in Section 3.2.4 and

summarized in Tables 3-2 and 3-3 on pages 50 and 54, respectively.

Three primary parameters for the DE model are population size N, mutation
rate M, and crossover rate C'. We choose three value levels for each parameter as
listed in Table 5-1. For solving the fixed problems, we empirically set the timeout

for DE computing to 2 seconds. For flexible problems, the timeout is 20 seconds.

Table 5-1. Design level for each DE parameter.

Level
Parameter 1 2 3
Population Size N 8 64 128

Mutation Rate M 0.001 0.01 0.1
Crossover Rate C' 0.050 0.10 0.2

To select the best level for each parameter in a problem setting, we design the
experiments using the L9 orthogonal array of the Taguchi method. There are 9
experiments, and we conduct 5 independent runs for each experiment. Table 5-2

shows the details for each experiment and the corresponding parameter level
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settings. In the table, each y; ; represents the best makespan obtained by our DE

solver.
Table 5-2. Taguchi L9 design.

Parameter Parameter
Run Performance

level level value
Exp. N M C N M C Runl Run2 Run3 Run4 Run5 SNR
1 1 1 1 g 0.001 0.05 Y11 Y1,2 Y1,3 Y14 Y15 SNR1
2 1 2 2 8 0.010 0.10 Y2,1 Y2,2 Y2,3 Y2,4 Y25 SNRy
3 1 3 3 8 0100 020 y3,1 y312 y373 y3’4 y375 SNR3
4 2 1 2 64 0001 0.10 y41 Ya,2 Ya,3 Ya,4 Ya,5 SNR4
5 2 2 3 64 0010 020 w51 Ys2 Y53 Y54 U5 SNR5
6 2 3 1 64 0100 005 wyen1 Y62 Y63 Y64 Y65 SNRg
7 3 1 3 128 0001 020 yr1  yr2 Y73 Y714 Y15 SNR~;
8 3 2 1 128 0.010 0.05 Y8.1 Ys,2 Ys,3 Y84 Y85 SNRg
9 3 3 2 128 0.100 0.10 y971 y912 y9’3 y9’4 y975 SNRg

The idea of the Taguchi method is to calculate the signal-to-noise ratio
(SNR) for each experiment, which is a performance indicator. The SNR for each

experiment is

L
SNR; = —10 - log ﬁzyzj ,i=1,2,---,9. (5.1)

v =1

After obtaining the SNR for each experiment, we can estimate the effect of
each level of the parameter by averaging out the SNRs of experiments using that
level of design. For example, the effects of the three value levels of the mutation

rate can be calculated by

(SNR; + SNR, + SNR7)

T, = 3 : (5.2)
SNR, + SNR; + SNR

Ty, = (SNR + = + SNRs) (5.3)
SNR; + SNRg + SNR

Ty — SMRs F . +SNRy) (5.4)

We can calculate the effects of the other two parameters, /N and C, using the
corresponding SNR terms. Finally, when the 9 effects of different levels of
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parameters are obtained, the best value level for each parameter can be identified as

shown in Table 5-3.

Table 5-3. Taguchi L9 design parameter selection.

Parameter I Lzevel 3 Selected Level
N Ti, T Ti3 alfngQlf?%)X (Th;)
~ ]: b b
M Ty, T T3 atglfYZl%X (TQ,j)
~ j: b b
C T3 1 T372 T373 arg max (ng)
§=1,2,3

The raw results are shown in Table B-1 in Appendix B. We can identify the

best parameters for each problem setting by repeating the aforementioned

procedure 12 times. The result is shown in Table 5-4. For small and medium-scale

problems, there is no difference between each parameter setting. However, in

large-scale problems, the best crossover rate and the mutation rate are higher than

the minimum value levels.

Table 5-4. Best parameters of each problem setting.

Scale Type ‘ Population Size N Mutation Rate M Crossover Rate C
1/00 8 0.001 0.050
Small 1/n 8 0.001 0.050
n/oo 8 0.001 0.050
n/n 8 0.001 0.050
/oo 8 0.001 0.050
Medium 1/n 8 0.001 0.050
n/oo 8 0.001 0.050
n/n 8 0.001 0.050
1/c0 64 0.010 0.100
1/n 64 0.010 0.100
Large
n/oo 0.010 0.100
n/n 0.100 0.100

112

doi:10.6342/NTU202401338



Result

5.2.2 Model Performance Comparison Test

This test evaluates the performance of the three proposed models in solving
problems of different scales and types. Moreover, we want to know the average
makespan reduction when switching from a fixed problem to a flexible one in the

same network, i.e., considering more candidate paths for each job.

We generated 30 networks on small, medium, and large scales, for a total of
90 networks. For each network, we consider four types of problems: 1/0c0, 1/n,
n/oo, and n/n types, as described in the previous test. Therefore, a total number of

360 randomly generated numerical test problems are generated for this test.

The parameters found in the previous test are used to execute the DE model
in the corresponding problem setting, and five runs are conducted. We set the DE
timeout to 2 seconds and 20 seconds for fixed and flexible problems, respectively,
following the previous test. For the CP and IP models, the timeout is set to 60

seconds for all types and scales of numerical test problems.

Tables B-2 and B-3 in Appendix B list the obtained makespan and solving
time used in solving these problems. Consolidating the obtained data of the 30
networks of each problem scale/type, the hit rates and average solving time are
listed in Table 5-5. The hit rates for the CP and IP models are the count ratio of
obtaining the global minimum among the 30 networks. For the DE model, the hit
rate is the ratio of runs out of the five runs that match or outperform the better
makespan obtained by the CP and IP models. Finally, the average solving time is

calculated by the mean of the solving time for the 30 networks in each scale/type.
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Table 5-5. Hit rate and average solving time of model performance comparison test.

. Average
Hit Rate Solving Time (s)
Scale Type Cp Ip DE Cp 1P DE
1/oo 1.000 0.967 1.000 0.373 0.020 2.000
n/oo  1.000 1.000  1.000 0.811 0.518 20.001
Small
1/n 1.000 0.967 1.000 0.469 0.033 2.000
n/n 1.000 1.000 1.000 0.928 0.849 20.001
1/ooc 1.000 1.000 0.967 1.515 0.243 2.001
) n/oo  0.767 0433 0.767 26.509 40.723  20.000
Medium
1/n 1.000 1.000 1.000 1.656 0.778 2.001
n/n 0.767 0.233 0.800 25.600 49.820  20.000
1/oo  1.000 0.967 1.000 1.202 2.068 2.002
n/oo 0467 0.100 0.767 43.501 55.568  20.000
Large
1/n 1.000 1.000 1.000 1.341 0.112 2.001
n/n 0.500 0.100 0.833 42912 56.701  20.001

The numerical results shown indicate the performances of the three solvers

in different problem types. First, in the fixed problems, the mathematical

programming solvers, CP and IP, almost always find the optimal solutions

regardless of the problem scale. Moreover, the IP solver is much faster than the CP

solver in finding the optimal solution for fixed problems. In some cases, the

difference is several orders of magnitude in speed.

Second, the mathematical programming solvers still perform well in

small-sized flexible problems. However, the performance drops significantly in

medium and large-scale problems. The performance degradation of the IP solver is

notable, as it only finds the optimal solutions in one-tenth of the large n/n
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problems. In contrast, the CP solver does not show this performance loss. Overall,
the CP solver performs better than the IP solver in flexible problems than in
solution qualities and optimization speed. Surprisingly, in the most difficult
problems—Ilarge n/n, the CP solver still finds the optimal solutions for half of
them. This indicates its potential for real applications. In the next test, we will
compare the performance of the CP and DE models in solving extra-large

problems.

Finally, the Permutational Differential Evolution method performs well
across all types/settings of problems. It excels in solving medium- and large-scale
flexible problems, outperforming the mathematical programming solvers in terms

of optimality hit rate and computing speed.

Makespan Reduction from Fixed to Flexible Problems on the Same Network

Since the fixed problems are special cases derived from the flexible
counterparts, having path flexibility (more candidate paths) for each job is expected
to yield a makespan reduction. Let !C™* and "C™2* be the makespans obtained
from the fixed and flexible problems of the same network, respectively. We define

the makespan reduction as

1 Cmax _ nCmax
1(max ’

We calculate the average and the standard deviation of the 30 makespan
reduction values from the 30 problems (networks) of each problem scale and site

capacity settings. The data are listed in Table 5-6.
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Table 5-6. Makespan improvement of the flexible model over the fixed model.

Capacity Scale Average C max STD
Type Reduction
Small 0.029  0.060
00 Medium 0.089  0.089
Large 0.138  0.098
Small 0.029  0.061
n Medium 0.090  0.087
Large 0.132  0.100

The result indicates a limited average reduction can be achieved in
small-scale problems. However, as the problem scale increases, the average
reduction also increases, exceeding 13% in large-scale problems. This is
significant because the jobs and networks are randomly generated in our numerical
test problems; therefore, some of the network layouts are unreasonable. In

real-world scenarios, the average reduction should be much higher than our results.

5.2.3 Extra-large Problem Test

As shown in the previous test, the CP model performed well in solving the

large n/n problems. This test intends to find its capability for extra-large problems.

We generate 5 extra-large problems by the user-defined parameters listed in
Table 3-2. The timeout for the CP model is one hour. Similarly, we also conduct 5
independent runs of the DE model on these problems. The parameter settings
follow the values obtained in the Taguchi experiment on the large n/n type
problem in Table 5-4. The timeout for the DE solver is 12 minutes. The makespans
obtained in the test are shown in Table 5-7. The gap is the difference between the
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best makespan found in the DE model and the makespan from the CP solver

divided by the CP makespan.

Table 5-7. Makespan comparison between CP and DE solvers in Extra-large
Problems.

Net. ID CPp | DE-1 DE-2 DE-3 DE-4 DE-5 Gap
U-1 3978 4057 4045 4057 4045 4090 | 0.017
U-2 2683 4075 3737 4045 3891 3959 | 0.393
U-3 2422 3324 3329 3568 3439 3491 | 0.372
U-4 3047 3928 3969 4095 4043 3939 | 0.289
U-5 3086 3830 3802 3678 3829 3679 | 0.192

Surprisingly, the CP model outperforms the DE model in every problem.
This finding showcases that Constraint Programming has a high potential for
solving problems in real applications. Moreover, when the solving time is limited,
the CP model should be the preferred one to use. However, this also casts doubt on
the previous test about whether the 1-minute timeout for the CP model is enough to

obtain satisfying results in large problems. We will leave this to the future work.

5.2.4 Identical Request Test

In our last test, we set up a special case where the transportation requests are
identical. We generated a large-scale network with finite buffer sizes, shown in Fig.
3-12 (c) on page 52. Three types of problems, 1/n, 1'/n, and n/n, are generated
for the test. Notice that the first two are fixed problems while the last is a flexible
one. Since the 1’/n problem randomly assigns a candidate path to each job, we
generate 10 different instances for the test, each with different path assignments.
The purposes of this test is to check whether multiple candidate paths for each job
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are necessary or if we can emulate a similar result by randomly assigning a path to
each job. In this test, five identical requests are specified, whose start/end P/D

points of the job are pg‘? and pé?.

Following similar settings in the previous tests, our DE model conducts 5
independent runs in each problem and uses the tuned parameters for the large n/n
type problems. The timeout for the DE model is also set to 2 and 20 seconds for
fixed and flexible problems. Similarly, the timeout for the CP and IP models is 60
seconds. Note that the network, requests, and site buffer settings are all the same in

this test. The result is shown in Table 5-8.

Table 5-8. Numerical results for the identical request test.

Objective Value (makespan) Solving Time (s)
Type CP 1IP DE-1 DE-2 DE-3 DE-4 DE-5 CP 1IP DE-1 DE-2 DE-3 DE-4 DE-5
1/n 398 398 398 398 398 398 398 3.80 031 2.00 2.00 2.00 2.00 2.00

(1) 377 377 377 377 377 377 377 7.52 125 200 2.00 2.00 2.00 2.00
(2) 328 328 328 328 328 328 328 4.24 020 2.00 2.00 2.00 2.00 2.00
(3) 340 340 340 340 340 340 340 6.06 0.55 2.00 2.00 2.00 2.00 2.00
(4) 292 292 292 292 292 292 292 4.12 031 200 2.00 2.00 2.00 2.00
1"/n (5) 288 288 288 288 288 288 288 245 024 2.00 2.00 2.00 2.00 2.00
(6) 316 316 316 316 316 316 316 3.90 0.77 2.00 2.00 200 2.00 2.00
(7) 284 284 284 284 284 284 284 331 0.54 2.00 2.00 2.00 2.00 2.00
(8 379 379 379 379 379 379 379 3.87 031 2.00 2.00 2.00 2.00 2.00
(9) 344 344 344 344 344 344 344 6.34 0.60 2.00 2.00 2.00 2.00 2.00
1"/n (10) 325 325 325 325 325 325 325 3.82 057 2.00 200 200 2.00 2.00
n/n 256 - 264 261 270 274 256 60.07 - 20.00 20.00 20.00 20.00 20.00

As expected, the fixed problem cases are trivial for the methods to obtain the
global optimum. However, in the flexible problem, the IP model could not even
find a feasible solution before the timeout. This is surprising because there are only
5 jobs in the problem, compared to 12 jobs for the problems in the model
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comparison test. Table 5-9 shows the reorganized results for this test.

Table 5-9. Reorganized numerical results for the identical request test.

Type 1/n 1’/n (10 intances) n/n

Solver Cp IP  DE(5) CPp IP  DE(5) CP IP DE(5)
Average C"™a* - - 398.00 327.30 327.30 327.30 - - 265.00
Minimum C™#* 398 398 398 284 284 284 256 - 256
(Avg.) Solving Time (s) 3.80  0.31 2.00 4.56 0.53 2.00  60.07 - 20.00

The result indicates that path selection matters in completing the jobs earlier.
Even when the path is randomly assigned, the makespan decreases significantly,
from 398 to 327.3 on average. Ultimately, when the candidate paths are all

available in the n/n problem type, the best makespan is 256.

The Gantt charts of the operations of nodes and jobs, respectively, for the

fixed problem and the flexible one are compared in Figs. 5-3 and 5-4.

Node 12
Node 11 Makespan: 398
Node 10

Node 9

J5-1 131 Ja1

Node 8 e 126591 12691 126-9] e

Node 7

Node 6

5-1 3-1 4-1

Node 5 Rt e i afsn e

Node 4

Node 3

1 J5-1 381 j4-1 1
Node 2 wis 2533] 33 23 e 2
Node 1
v T r T r T r T
0 50 100 150 200 250 300 350 400
time
Node 12 Makespan: 256
Node 11 o
36

Node 10 19-171 =)

Node 9

3-6 J4-1
Node 8 [%2;91 126-9] 11)I9]
Node 7 35.68% improvement
4
Node 6 = )
136 15-3 141

Node 5 - A7s101 17107 o Era1 (17-21]

Node 4 T

Node 3

J5-3 136 J4-1 J284
Node 2 [24-33112933] B R
3-6 5-3
Node 1 Ié-'{au ' [{”Hal (.1
0 50 100 150 200 250 300 350 400
time Empty-car Moving Time Blocked Time

Figure 5-3. Node Gantt charts yielded from the fixed and flexible problems.
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Makespan: 398
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Figure 5-4. Job Gantt charts yielded from the fixed and flexible problems.

From the node utilization perspective shown in Fig. 5-3, the flexible solution
yields a more balanced workload distribution among nodes. Figure 5-4 shows the
Gantt blocks of delivery and transfer operation executed in turns for each job. Note
that the transfer operations are much shorter in the flexible problem. Almost every
transfer operation ends with the duration of the transfer time requirement. In
contrast, the solution for the fixed problem has lengthy waiting periods in transfer
sites. Moreover, it is interesting that only one of the jobs (job 4) prefers the fastest
path (path 1) in the flexible problem. This example test verifies that the material
handling system is not efficient when every transportation job selects the
shortest/fastest path. This worst strategy has been widely adopted in the
conventional real-time job dispatching systems. From the above test, we confirm
that path selection optimization models should be adopted in a smart material

handling system to complete the jobs with the minimal makespan.
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5.3 Summary

This chapter introduced the implementation of our models and showed the
numerical results from four different tests. In the DE parameter-tuning test, we
tried to find the best DE parameter settings for different problem types using the
Taguchi method. In the model performance comparison test, we generated 360
numerical test problems to test the proposed CP, IP, and DE models. The results
showed that IP performed best in fixed problems, while CP stood out in small and
medium flexible problems. The powerfulness of DE was only revealed in the
medium and large n/n type of problems. In the extra-large problem test, we tested
the performance of the CP and the DE models in extremely complex networks with
numerous jobs. The results showed that when given enough time, the CP model
could find much better solutions than the DE model. Finally, we tested the identical

request problem to show that path selection is crucial in decreasing the makespan.
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Chapter 6

Conclusion and Future Work Suggestion

In this research, we have rigorously defined the Material Handling Network
Scheduling Problem (MHNSP), where the goal is to minimize the makespan for a
given set of transportation jobs. We have proposed a Constraint Programming
model, an Integer Programming model, and a Permutational Differential Evolution
model to solve the MHNSP. To evaluate these methods, we have conducted four
numerical tests with different problems. These tests illustrated the capabilities of
our proposed models in solving possible real applications. In particular, the CP
model outperformed the Metaheuristic algorithm in solving extra-large problems.
These tests proved that path selection and operation sequencing are crucial in
decreasing the makespan. Numerical results showed that the average improvement
(decreasing) in makespan was up to 13% in large-scale problems when more

candidate paths were available for each job.

6.1 Conlusion

In conclusion, our research makes three contributions. First, we formally
define the MHNSP using a mathematical model that describes the complex
structure and intricate material movements in the material handling network. In
addition, we present the problem generation procedure that can construct arbitrary

networks and generate jobs. This procedure involves constructing a random
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connected graph, generating valid jobs along with their candidate paths, and saving

the generated problems in structured and formatted files.

Second, we propose CP, IP, and DE models for solving the MHNSP. We
design a hierarchical structure for the CP model to efficiently define the constraints
on transportation jobs, candidate paths, and operations. The main contribution of
the proposed IP model is that we ingeniously model the site buffer by identifying
the operation overlapping condition using pair-wise logic relationships. In the DE
model, we provide an efficient decoding procedure. This procedure adopts the
discrete-event simulation technique to deal with events that set the start/end time of

each operation.

Third, the proposed models were thoroughly and rigorously evaluated via
four numerical tests. In the DE parameter-tuning test, we adopted the Taguchi
method to identify the best parameter levels for each problem type. In the model
performance comparison test, each model was applied to solve 360 randomly
generated problems to compare their performances. The result showed that the IP
model is suitable for small problems, and for large-scale problems, one should
resort to the CP and the DE models, which have comparable performance. This test
also showed that the average makespan decreases around 13% in large-scale
problems when more candidate paths are considered for each job. Next, we tested
the performance of the CP and the DE models in extra-large problems. The results
showed that the CP model is more consistent and effective in finding better
solutions than the DE model when having a generous solving time. Finally, the

identical request test demonstrated the importance of path selection in improving

124 doi:10.6342/NTU202401338



Conclusion & Future Works

the makespan. In this test, we showed that a proper path selection can lead to a
35.7% decrease in makespan. This improvement mainly resulted from a more
balanced workload among nodes and a shorter period of wait time spent in the

transfer sites.

6.2 Future Work

Future work can be divided into two perspectives: improving the proposed

models and exploring broader topics to enhance the manufacturing system.

6.2.1 Improvements in Modeling Techniques

CP Model

1. Hierarchical Structure: The current hierarchical structure discards
scheduled operations when selecting a new path, leading to inefficiencies.
Adopting a tree structure, similar to the depth-first search algorithm, can
preserve common operations from different paths and reduce the number of
interval variables used by the CP solver. This approach focuses on handling

only the unscheduled operations when selecting a new path.

2. Timeout Setting: Defining a metric to balance solution quality and solving
time can provide insights into setting appropriate timeouts. This is important
because the CP model can yield good solutions if given sufficient solving
time, as observed in the extra-large problem test.
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IP Model

1. Disjunctive Model Limitations: The current IP model, based on the
disjunctive approach [14, 17], requires establishing pair-wise overlapping
relationships to model site capacity limits. This leads to exponential growth
in constraints due to the lack of a “timeline”” concept. Switching to a
time-indexed model [13] could mitigate this issue and enhance performance

despite its generally lower performance in job-shop scheduling problems.

DE Model

1. Encoding Scheme: Currently, a single integer array encodes all operations
and decisions for path selection and operation sequencing. This can make
the array excessively long for extra-large problems and hinder evolution
since decisions are coupled. Separating operations and decisions into two
arrays and evolving them individually can expedite solving speed and

improve overall efficiency.

6.2.2 Improvements in Research Problems

To enhance the manufacturing system, future research should:

1. Include Manufacturing Process: Current models only consider material
handling. Including manufacturing processes is crucial as some machines
have specific requirements for material delivery, such as needing two
material loads before starting or restrictions on the maximum hiatus between
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deliveries. Considering these factors in optimization models will better

reflect real-world conditions and improve system performance.

. Optimize Layout Design: Combining layout design with operation
scheduling is essential. These two aspects are highly interrelated, as
identifying bottlenecks in the material handling network depends on having
a proper schedule, and vice versa. A two-stage optimization approach, with
the first stage focused on layout optimization and the second on MHNSP, can

significantly enhance the manufacturing process.
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Appendix A

Different Type of Transportation Nodes

To generalized the MHNSP, we can categorize the transportation node into
two types: vehicle node and conveyor node. The vehicle node can be further
divided into four types: single-vehicle node, multi-vehicle node, single-capacitated
vehicle node, and multi-capacitated vehicle node, from the most simplified case to
the most generalized case, according to their unit load capacity and the number of

transportation equipment (vehicles) serving in the node.

In the vehicle node, the vehicle would move from a P/D point to another P/D
point; therefore, the vehicle might not be able to immediately proceed with the next
operation if the source P/D point of the next operation is not the same as the last
stopping P/D point. We call this the empty-car moving time as it does not carry
any payload when moving to the next source P/D point. This is often referred to as

the sequence-dependent setup time in the literature.

In the conveyor node, there are generally only two P/D points, and all
material processed by the node must move unidirectionally from one P/D point to
the other, leading to an infinite traveling time in the opposite direction. On the
other hand, there is no empty-car moving time in the conveyor node, but instead,
the minimum interval between the entering time of one operation and the next is

restricted.
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We will discuss the details of each type of node in the following.

1. Single-vehicle Node (# of vehicle = 1, capacity = 1)
In the simplest case, only one vehicle (transportation equipment) serves in
the node and possesses one unit load capacity. Therefore, the node can only

process one operation at any moment.

2. Multi-vehicle Node (# of vehicle = a, capacity = 1)
In this case, there are o equivalent vehicles with one unit load capacity each
in this node so that each operation can be processed by one and only one of

the vehicles.

3. Single-capacitated Vehicle Node (# of vehicle = 1, capacity = ()
We consider the case that the vehicle has 3 unit load capacity so that the
vehicle can complete [ operations at the same time. In other words, before
delivering the material to its target P/D point, the vehicle might stop at
several midway P/D points to pick up additional materials. This is typically

referred to as the vehicle routing problem.

4. Multi-capacitated Vehicle Node (# of vehicle = «, capacity = [3)
In the most generalized case, there are « vehicles, and each has (5 unit load
capacity. Therefore, each operation can be processed by one of the vehicles

which potentially has other operations in progress simultaneously.

5. Conveyor Node (capacity = /3, entering interval = )
In a conveyor node, we do not consider the empty-car moving time, but there
i1s a minimum interval v between one operation’s entering time and the next’s
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entering time. Moreover, the node can process at most 5 operations at a time

due to the physical limitation of the length of the conveyor.

A.1 CP Model for Different Types of Transportation
Nodes

For the node d, we can aggregate all the operations that will be potentially
executed in the node in the set P(9). Assume that there are P operations in P we

can locally index them as

P(d) = {pz ’ Pi = (nlaela(sz)a 1= 17 27 te p}a
and the corresponding set of interval variables can be denoted as

IO = {t:]i =127}

Single-vehicle Node (# of vehicle = 1, capacity = 1)

First, we construct the pair-wise from-to matrix M to calculate the

required empty-car moving time for any pair of operations of the node

M(d):[M(d)<5j79]’>]ﬁ><ﬁa j7j/:1727"'p

Second, we define the sequence variable of the node, and the type of each

interval variable is determined by their index in T'(¥)

q(d) = Seg(r(d)u {17 2) e 7]6})

Finally, each interval variable ¢; should have a minimum size that equals the

minimum transporting time M () (6;, §;).
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Now, we can establish the constraints for the single-vehicle node d as

noOverlap(¢'®, M@ A
(A1)

>

{p(ti) = {e(t:) = s(t:) > M (0;,0; )}}

=1

Multi-vehicle Node (# of vehicle = «, capacity = 1)

First, we construct the pair-wise from-to matrix

M(d):[M(d)((sj?ej’)]Toxﬁa jajI:1727“'p

Since every operation can choose to be executed by one of the « vehicles, we

(d)

establish a set of interval variables I'; for each vehicle [

Fl(d) = {tl(»l) | optl(l) =true, i =1,2,---p}), (=12, «

, and the associated sequence variables for each vehicle [

ql(d):SGQ(Fl(d)v{1727"' ap})7 l:1727 , &

Finally, each interval variable ¢; should have a minimum size that equals the

minimum transporting time M (6, §;).

We can establish the constraints for the multi-vehicle node d as

p

)\ alternative(t;, {t; © |[l=1,2,---,a}) A

i=1

/\ noOverlap(q, (@ MDY A (A.2)

=1

Aot = few) = ste) > ar900,00}
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Single-capacitated Vehicle Node (# of vehicle = 1, capacity = (5)

First, we construct two sets of interval variables, ,I'¥ and ,T'(9), that
represent the picking and delivery processes, respectively. Note that the size of
every interval variable in the two sets equals 0.

JD =L t; | qopt; = true, i =1,2,---p} # picking

D@D = (it | yopt; = true, i =1,2,---p}  #delivery

The sequence variable of the node can then be defined from J@ and @),

and the type of each interval is the P/D point it stops at.

q(d) = 5€Q(ar(d) U bF(d)a {017 927 e 76}7} U {517 527 e 76ﬁ})

To model the usage of the unit load capacity, we define the resource function
C'? by all operation interval variables in the node such that whenever an operation

is present, it will cost one unit load capacity.

P
C@ =3 pulse(t;, 1)

=1

We can summarize the constraints for the single-capacitated vehicle node d
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as
noOverlap(q'?, M) A

span(t;, {ati,vti}) N

>

@
Il
i

endBeforeStart(,t;, t;) N

s

@
I
—

(A.3)
alwaysIn(C'Y t;,0, 3) A

>

ﬁ
Il
—

>
—
i
—~
St
~
=
®
—~
S
St
~
I
»
—~
S
St
~
H,—/
—
>

@
Il
,_.

{P(ti) = {e(btz’) = S(btz‘)}}

>

@
I
—

Multi-capacitated Vehicle Node (# of vehicle = «, capacity = [3)

First, we establish a set of interval variables Fl(d) for each vehicle [

ng) = {t,gl) | optl(l) =true, i=1,2,---p}, (=1,2,-- «

Second, we define the picking and delivery set of interval variables, aFl(d)

and bFl(d), for each vehicle [
aI‘l(d) = {atz(l) | aoptz(»l) =true, i =1,2,---p}, 1=1,2,--- « # picking
bFl(d) = {th’) | boptgl) =true, i =1,2,---p}, 1=1,2,--- « #delivery
, and the corresponding sequence variable for vehicle [ can be defined as

QZ(d) = S€Q<arl(d) Ubrl(d)a {01, 09, - -- 795} U{d1, 02, 75;5})7 =12«

Third, we have the resource function C’l(d) for each vehicle [

P
C’l(d) = Zpulse(tgl), ), 1=1,2,--,«a
i=1
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Finally, we can derive the constraint for the multi-capacitated vehicle node d

alternative(t;, {tl(-l) |[l=1,2,---,a}) A

s.
H>~s\

noOverlap(ql(d), MDYy A

T~

—

(Lt 5t P3) A

F>Q
&>~s\
¥2)

3
S
3

—_
.

endBeforeStart(,t E ) , bt( )) (A4)

T>g
Pttt

—_
~.

—_

always[n(C(d, t; ,O B) A

F>Q
Pttt

[y
.

—

F>Q
i

—
.
Il

—_

o
i

= {elti”) = 56t}

N
Il
,_.
.
A

Conveyor Node (capacity = [, entering interval = )

First, we define the set of interval variables hF(d) to control the interval

between two material entries.

d) — {nt; | nopt; = true, i =1,2,---p}

, and the corresponding sequence variable ¢'¥ = seq(, ')

Second, the resource function C'9) can be written as

P
C@ =" pulse(t;, 1)

=1
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Now we have the constraint for the conveyor node d

noOQverlap(q?) A

/P\ start AtStart(t;, nt;) A
i=1
p
A {p(ti) = {e(nti) — s(uti) = 7}} A (A.5)
i=1

[t

alwaysIn(C'Y t;,0,8) A

f {p(t,.) = {e(t:) — s(t;) > M<d>(9i,5i)}}

=1
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Numerical Result Raw Data

Table B-1. Taguchi results of DE parameter-tuning.

Parameter Parameter
level level value Run

Scale Type Exp.| N M C| N M C| Runl Run2 Run3 Run4 Run5 SNR
1 1 11 8 0.001 0.050 95 95 95 95 95 | -39.554

2 1 2 2 8 0.010 0.100 95 95 95 95 95 | -39.554

3 1 3 3 8 0.100 0.200 95 95 95 95 95 | -39.554

4 2 1 2 64 0.001 0.100 95 95 95 95 95 | -39.554

/oo 5 2 2 3| 64 0.010 0.200 95 95 95 95 95 | -39.554
6 2 301 64 0.100 0.050 95 95 95 95 95 | -39.554

7 3 1 3] 128 0.001 0.200 95 95 95 95 95 | -39.554

8 3 2 1] 128 0.010 0.050 95 95 95 95 95 | -39.554

9 3 3 2] 128 0.100 0.100 95 95 95 95 95 | -39.554

1 1 1 1 8 0.001 0.050 95 95 95 95 95 | -39.554

2 1 2 2 8 0.010 0.100 95 95 95 95 95 | -39.554

3 1 3 3 8 0.100 0.200 95 95 95 95 95 | -39.554

4 2 1 2| 64 0.001 0.100 95 95 95 95 95 | -39.554

1/n 5 2 2 3| 64 0.010 0.200 95 95 95 95 95 | -39.554
6 2 3 01 64 0.100 0.050 95 95 95 95 95 | -39.554

7 3 1 3] 128 0.001 0.200 95 95 95 95 95 | -39.554

8 3 2 1] 128 0.010 0.050 95 95 95 95 95 | -39.554

9 3 3 2] 128 0.100 0.100 95 95 95 95 95 | -39.554

Small 1 1 1 1 8 0.001 0.050 95 95 95 95 95 | -39.554
2 1 2 2 8 0.010 0.100 95 95 95 95 95 | -39.554

3 1 3 3 8 0.100 0.200 95 95 95 95 95 | -39.554

4 2 1 2| 64 0001 0.100 95 95 95 95 95 | -39.554

njoo 5 2 2 3| 64 0.010 0.200 95 95 95 95 95 | -39.554
6 2 3 1 64 0.100 0.050 95 95 95 95 95 | -39.554

7 3 1 3] 128 0.001 0.200 95 95 95 95 95 | -39.554

8 3 2 1] 128 0.010 0.050 95 95 95 95 95 | -39.554

9 3 3 2] 128 0.100 0.100 95 95 95 95 95 | -39.554

1 1 11 8 0.001 0.050 95 95 95 95 95 | -39.554

2 1 2 2 8 0.010 0.100 95 95 95 95 95 | -39.554

3 1 3 3 8 0.100 0.200 95 95 95 95 95 | -39.554

4 2 1 2| 64 0001 0.100 95 95 95 95 95 | -39.554

n/n 5 2 2 3| 64 0.010 0.200 95 95 95 95 95 | -39.554
6 2 301 64 0.100 0.050 95 95 95 95 95 | -39.554

7 3 1 31 128 0.001 0.200 95 95 95 95 95| -39.554

8 3 2 1] 128 0.010 0.050 95 95 95 95 95 | -39.554

9 3 3 2] 128 0.100 0.100 95 95 95 95 95 | -39.554

Continued on next page
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Table B-1. Taguchi results of DE parameter tuning (cont.)

Parameter Parameter
level level value Run

Scale Type Exp.| N Vi C N M Cr| Runl Run2 Run3 Run4 Run5 SNR
1 1 1 1 8 0.001 0.050 220 220 220 220 220 | -46.848

2 1 2 2 8 0.010 0.100 220 220 220 220 220 | -46.848

3 1 3 3 8 0.100 0.200 220 220 220 220 220 | -46.848

4 2 1 2 64 0.001 0.100 220 220 220 220 220 | -46.848

/oo 5 2 2 3 64 0.010 0.200 220 220 220 220 220 | -46.848
6 2 3 1 64 0.100 0.050 220 220 220 220 220 | -46.848

7 3 1 3] 128 0.001 0.200 220 220 220 220 220 | -46.848

8 3 2 1] 128 0.010 0.050 220 220 220 220 220 | -46.848

9 3 3 2] 128 0.100 0.100 220 220 220 220 220 | -46.848

1 1 1 1 0.001  0.050 220 220 220 220 220 | -46.848

2 1 2 2 8 0.010 0.100 220 220 220 220 220 | -46.848

3 1 3 3 8 0.100 0.200 220 220 220 220 220 | -46.848

4 2 1 2 64 0.001 0.100 220 220 220 220 220 | -46.848

1/n 5 2 2 3 64 0.010 0.200 220 220 220 220 220 | -46.848
6 2 31 64 0.100 0.050 220 220 220 220 220 | -46.848

7 3 1 3] 128 0.001 0.200 220 220 220 220 220 | -46.848

8 3 2 1] 128 0.010 0.050 220 220 220 220 220 | -46.848
Medium 9 3 3 2] 128 0.100 0.100 220 220 220 220 220 | -46.848
1 1 1 1 8 0.001 0.050 207 207 207 207 207 | -46.319

2 1 2 2 8 0.010 0.100 207 207 207 207 207 | -46.319

3 1 3 3 g8 0.100 0.200 207 207 207 207 207 | -46.319

4 2 1 2 64 0.001 0.100 207 207 207 207 207 | -46.319

njoo 5 2 2 3 64 0.010 0.200 207 207 207 207 207 | -46.319
6 2 31 64 0.100 0.050 207 207 207 207 207 | -46.319

7 3 1 3] 128 0.001 0.200 207 207 207 207 207 | -46.319

8 3 2 1] 128 0.010 0.050 207 207 207 207 207 | -46.319

9 3 3 2| 128 0.100 0.100 207 207 207 207 207 | -46.319

1 1 1 1 8 0.001 0.050 207 207 207 207 207 | -46.319

2 1 2 2 8 0.010 0.100 207 207 207 207 207 | -46.319

3 1 3 3 0.100  0.200 207 207 207 207 207 | -46.319

4 2 1 2 64 0.001 0.100 207 207 207 207 207 | -46.319

n/n 5 2 2 3 64 0.010 0.200 207 207 207 207 207 | -46.319
6 2 3 1 64 0.100 0.050 207 207 207 207 207 | -46.319

7 3 1 3] 128 0.001 0.200 207 207 207 207 207 | -46.319

8 3 2 1] 128 0.010 0.050 207 207 207 207 207 | -46.319

9 3 3 2] 128 0.100 0.100 207 207 207 207 207 | -46.319

Continued on next page

142 doi:10.6342/NTU202401338



Numerical Result Raw Data

Table B-1. Taguchi results of DE parameter tuning (cont.)

Parameter Parameter
level level value Run

Scale Type Exp. | N v C N M Cr| Runl Run2 Run3 Run4 Run5 SNR
1 1 11 8 0.001 0.050 172 171 172 171 172 | -44.690

2 1 2 2 8 0.010 0.100 171 171 171 171 171 | -44.660

3 1 3 3 8 0.100 0.200 171 171 171 171 171 | -44.660

4 2 1 2 64 0.001 0.100 171 171 171 171 171 | -44.660

1/ 5 2 2 3 64 0.010 0.200 171 171 171 171 171 | -44.660
6 2 301 64 0.100 0.050 171 171 171 171 171 | -44.660

7 3 1 3] 128 0.001 0.200 171 171 171 171 171 | -44.660

8 3 2 1] 128 0.010 0.050 171 171 171 171 171 | -44.660

9 3 3 2] 128 0.100 0.100 171 171 171 171 171 | -44.660

1 1 1 1 8 0.001 0.050 171 172 172 172 171 | -44.690

2 1 2 2 8 0.010 0.100 171 171 171 171 171 | -44.660

3 1 3 3 8 0.100 0.200 171 171 171 171 171 | -44.660

4 2 1 2 64 0.001 0.100 171 171 171 171 171 | -44.660

1/n 5 2 2 3| 64 0.010 0.200 171 171 171 171 171 | -44.660
6 2 31 64 0.100 0.050 171 171 171 171 171 | -44.660

7 3 1 3] 128 0.001 0.200 171 171 171 171 171 | -44.660

8 3 2 1] 128 0.010 0.050 171 171 171 171 171 | -44.660

9 3 3 2] 128 0.100 0.100 171 171 171 171 171 | -44.660

Large 1 I 1 1] 8 000l 0050| 203 207 221 209 213 | -46.473
2 1 2 2 8 0.010 0.100 184 193 187 186 197 | -45.550

3 1 3 3 8 0.100 0.200 204 215 194 222 219 | -46.488

4 2 1 2| 64 0001 0.100 210 213 222 212 214 | -46.618

nfoco 5 2 2 3| 64 0.010 0.200 225 220 227 222 213 | -46.906
6 2 3 1 64 0.100 0.050 231 201 214 229 197 | -46.643

7 3 1 3| 128 0.001 0.200 221 233 212 237 217 | -47.013

8 3 2 1] 128 0.010 0.050 232 234 227 214 227 | -47.117

9 3 3 2] 128 0.100 0.100 223 225 228 235 234 | -47.199

1 1 1 1 8 0.001 0.050 209 214 191 210 204 | -46.267

2 1 2 2 8 0.010 0.100 214 179 197 211 189 | -45.952

3 1 3 3 8 0.100 0.200 202 208 198 195 213 | -46.163

4 2 1 2| 64 0001 0.100 228 229 229 222 220 | -47.068

n/n 5 2 2 3| 64 0.010 0.200 226 208 230 226 225 | -46.971
6 2 31 64 0.100 0.050 223 208 237 239 223 | -47.093

7 3 1 3] 128 0.001 0.200 240 213 227 213 237 | -47.093

8 3 2 1] 128 0.010 0.050 234 240 227 226 253 | -47.466

9 3 3 2] 128 0.100 0.100 229 223 212 217 219 | -46.851
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Table B-2. Objective values of model performance comparison test.

Type 1/00 n/oo 1/n n/n
Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5

S-01 95 95 95 95 95 95 95| 95 95 95 95 95 95 95| 95 95 95 95 95 95 95| 95 95 95 95 95 95 95
S-02 118 118 118 118 118 118 118|118 118 118 118 118 118 118|118 118 118 118 118 118 118|118 118 118 118 118 118 118
S-03 123 123 123 123 123 123 123|123 123 123 123 123 123 123|123 123 123 123 123 123 123|123 123 123 123 123 123 123
S-04 98 98 98 98 98 98 98| 98 98 98 98 98 98 98| 98 98 98 98 98 98 98| 98 98 98 98 98 98 98
S-05 102 102 102 102 102 102 102|102 102 102 102 102 102 102|102 102 102 102 102 102 102|102 102 102 102 102 102 102
S-06 122 122 122 122 122 122 122|122 122 122 122 122 122 122|122 122 122 122 122 122 122|122 122 122 122 122 122 122
S-07 120 120 120 120 120 120 120|120 120 120 120 120 120 120|120 120 120 120 120 120 120|120 120 120 120 120 120 120
S-08 210 210 210 210 210 210 210|210 210 210 210 210 210 210|210 210 210 210 210 210 210(210 210 210 210 210 210 210
S-09 105 105 105 105 105 105 105|105 105 105 105 107 105 105|105 105 105 105 105 105 105|105 105 105 105 105 105 105
S-10 107 107 107 107 107 107 107|107 107 107 108 107 107 107|107 107 107 107 107 107 107|107 107 108 108 107 108 108
S-11 103 103 103 103 103 103 103|103 103 103 103 103 105 105|103 103 103 103 103 103 103|103 103 103 103 103 103 103
S-12 139 139 139 139 139 139 139|118 118 118 118 118 118 118|139 139 139 139 139 139 139|118 118 118 118 118 118 118
S-13 136 136 136 136 136 136 136|135 135 135 135 135 135 135|136 136 136 136 136 136 136|135 135 136 136 135 135 135
S-14 83 83 83 83 83 83 83| 83 83 83 83 83 83 83| 83 83 83 83 83 83 83| 83 83 83 83 83 83 83
S-15 106 106 106 106 106 106 106| 106 106 106 106 106 106 106| 106 106 106 106 106 106 106|106 106 106 106 106 106 106
Small g 16 72 72 72 72 72 72 720 72 72 72 72 72 72 721 72 72 72 72 72 72 721 72 72 72 72 72 72 72
S-17 162 162 162 162 162 162 162|120 120 120 120 120 120 120|162 162 162 162 162 162 162|120 120 120 120 120 120 120
S-18 108 108 108 108 108 108 108|108 108 108 108 108 108 108| 108 108 108 108 108 108 108|108 108 108 108 108 108 108
S-19 116 116 116 116 116 116 116|116 116 116 116 116 116 116|116 116 116 116 116 116 116|116 116 116 116 116 116 116
S-20 121 121 121 121 121 121 121|118 118 118 118 121 119 118|121 121 121 121 121 121 121|118 118 121 118 118 118 121
S-21 98 98 98 98 98 98 98| 98 98 98 98 98 98 98| 99 99 99 99 99 99 99 99 99 99 99 100 100 99
S-22 117 117 117 118 117 117 117|107 107 107 107 107 107 107|117 117 117 117 117 117 117|107 107 107 107 107 107 107
S-23 65 65 65 65 65 65 65| 65 65 65 65 65 65 65| 66 66 66 66 66 66 66| 66 66 66 66 66 66 66
S-24 120 120 120 120 120 120 120|115 115 115 115 115 115 115|120 120 120 120 120 120 120|115 115 115 115 115 115 115
S-25 70 - 70 70 70 70 701 70 70 70 70 70 70 70| 70 - 70 70 70 70 701 70 70 70 70 70 70 70
S-26 83 83 83 83 83 83 83| 83 83 87 83 83 83 83| 83 83 83 83 83 83 83| 83 83 83 83 83 83 83
S-27 196 196 196 196 196 196 196|169 169 169 169 169 169 169|196 196 196 196 196 196 196|169 169 169 169 169 169 169
S-28 110 110 110 110 110 110 110|102 102 107 102 102 105 102|112 112 114 112 112 112 114|102 102 102 102 102 105 102
S-29 98 98 98 98 98 98 98| 98 98 98 98 98 98 98| 98 98 98 98 98 98 98| 98 98 98 98 98 98 98
S-30 106 106 106 106 106 106 106| 98 98 98 98 98 98 98| 106 106 106 106 106 106 106 98 98 98 98 98 98 98
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Table B-2. Objective values of model performance comparison test (cont.)

Type 1/00 n/oo 1/n n/n
Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5

M-01 |220 220 220 220 221 220 220|207 208 207 207 207 207 207|220 220 220 220 225 220 220|207 207 207 207 207 207 207
M-02 | 140 140 140 140 140 140 140|132 132 139 139 139 140 139|140 140 140 140 140 140 140|132 160 140 139 140 139 132
M-03 177 177 177 177 177 177 177172 178 172 173 172 173 173|177 177 177 177 177 177 177|172 - 172 172 172 172 176
M-04 | 180 180 180 180 180 180 180| 178 - 183 184 180 180 178|180 180 180 180 180 180 180| 178 178 180 180 180 178 178
M-05 | 156 156 156 156 156 156 156| 146 155 151 151 155 151 151|156 156 156 156 156 156 156|146 187 155 155 155 155 160
M-06 |202 202 202 202 202 202 202|184 184 185 185 185 185 185|202 202 202 202 202 202 202|184 184 185 185 185 185 185
M-07 | 167 167 167 167 167 167 167|161 161 161 166 166 161 166|167 167 167 167 167 167 167|161 166 161 161 161 166 161
M-08 | 144 144 144 144 144 144 144|119 119 122 119 119 119 122|144 144 144 144 144 144 144|119 119 121 122 119 120 120
M-09 | 198 198 200 200 198 200 200|176 254 176 176 176 176 176|198 198 200 200 198 198 200|176 206 185 178 192 177 176
M-10 | 189 189 190 189 189 189 189|188 188 188 188 188 188 188|189 189 189 189 189 189 189|188 188 188 188 188 188 188
M-11 174 174 174 174 174 174 174|148 148 149 149 149 148 149|174 174 174 174 174 174 174|148 148 148 148 149 149 148
M-12 | 147 147 147 147 147 147 147|145 145 145 145 145 145 145|147 147 147 147 147 147 147|145 145 145 145 145 145 145
M-13 | 147 147 147 155 147 155 147|138 144 144 154 138 138 154|147 147 147 147 147 158 147|138 158 153 150 151 144 144
M-14 | 195 195 195 195 195 195 195|166 177 184 181 166 177 187|195 195 195 195 195 195 195|166 190 166 179 178 177 179
) M-15 | 367 367 367 367 367 367 367|367 367 367 367 367 367 367|367 367 367 367 373 367 367|367 367 367 367 367 367 367
Medium \pj6 | 183 183 183 183 183 183 183|142 186 143 149 142 142 142|183 183 183 183 183 183 183|142 196 146 152 157 142 150
M-17 | 253 253 253 253 253 253 253|183 187 183 183 187 183 183|253 253 253 253 253 253 253|187 206 199 199 199 199 199
M-18 | 228 228 228 228 228 228 228|226 226 234 232 233 233 232|228 228 228 228 228 228 228|226 241 233 233 234 234 234
M-19 | 178 178 178 186 181 178 186|178 178 178 178 178 178 178|178 178 186 178 178 178 178|178 178 178 178 178 178 178
M-20 | 242 242 243 243 244 243 243|214 215 224 229 223 215 217|242 242 248 243 243 243 242|215 225 229 231 215 223 230
M-21 180 180 180 180 180 180 180|162 162 168 170 168 162 162|180 180 180 180 180 180 180| 162 170 168 162 168 168 162
M-22 | 201 201 201 201 201 201 201|140 140 140 140 140 140 140|201 201 201 201 201 201 201|140 140 140 140 140 140 140
M-23 (172 172 172 172 172 172 172| 154 - 155 154 154 154 154|172 172 172 172 172 172 172|154 157 154 154 154 154 154
M-24 | 278 278 278 278 278 278 278|278 385 278 278 278 278 278|278 278 278 278 278 278 278|278 - 278 278 278 278 278
M-25 | 114 114 115 115 114 115 114|112 112 123 123 123 123 123|114 114 115 114 122 114 114|112 112 123 123 112 123 112
M-26 | 114 114 114 114 114 114 114|114 114 114 114 114 114 114|117 117 117 117 117 117 117|114 114 114 114 114 114 114
M-27 178 178 178 178 178 178 178|159 159 159 159 159 159 159|178 178 178 178 178 202 178|159 159 159 159 159 159 159
M-28 178 178 178 178 178 178 178|151 157 153 158 154 154 154|178 178 178 178 178 178 178|151 184 154 158 154 154 153
M-29 | 248 248 248 248 248 248 248|248 275 248 248 248 252 248|248 248 248 248 248 248 248|248 - 248 252 263 248 248
M-30 |210 210 210 210 210 210 210|154 154 154 154 154 154 154|210 210 210 210 210 210 210|154 154 154 154 154 154 154

Continued on next page
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Table B-2. Objective values of model performance comparison test (cont.)

Type 1/00 n/oo 1/n n/n

Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5
L-01 171 171 171 171 171 171 171|138 272 138 157 138 138 155|171 171 171 171 171 171 171 138 - 145 146 155 160 138
L-02 210 210 210 210 210 210 210|198 - 198 198 210 204 202|210 210 210 210 210 210 210|216 - 210 213 203 210 202
L-03 171 171 171 171 171 171 171|191 3600 167 180 167 180 167|171 171 171 171 171 171 171|180 - 167 167 180 175 180
L-04 222 222 222 222 222 222 222|231 - 197 200 207 207 197|222 222 222 222 222 222 222|197 - 197 197 200 213 197
L-05 180 180 180 180 180 180 180| 163 - 163 173 166 163 178|180 180 180 180 180 180 180| 163 - 173 166 166 168 170
L-06 118 118 118 118 118 118 118|118 165 118 118 118 118 118|118 118 118 118 118 118 118|118 159 118 125 118 118 118
L-07 143 143 143 143 143 143 143] 131 - 131 131 131 131 131|143 143 143 143 143 143 143|131 180 131 131 131 131 131
L-08 224 224 224 224 224 224 224|154 3180 154 154 154 154 154|224 224 224 224 224 224 224|154 - 154 163 155 167 154
L-09 234 234 234 234 234 234 234|203 235 202 203 199 204 201|234 234 234 234 234 234 234|203 - 203 198 203 198 205

L-10 171 171 171 171 171 171 171|151 151 151 151 151 155 151|171 171 171 171 171 171 171|151 151 151 159 159 151 155
L-11 188 188 188 188 188 188 188|171 302 173 173 180 173 183|188 188 188 188 188 188 188|171 436 173 173 173 180 175

L-12 269 269 269 269 269 269 269|239 311 233 235 233 233 235|269 269 269 269 269 269 269|233 - 236 233 235 235 235
L-13 202 202 202 202 202 202 202|180 346 195 185 189 192 189|202 202 202 202 202 202 202|192 - 210 193 205 189 204
L-14 232 232 232 232 232 232 232|246 - 193 195 193 200 193|232 232 232 232 232 232 232|213 - 216 202 202 195 195
L-15 149 149 149 149 149 149 149|125 125 125 125 125 125 125|149 149 149 149 149 149 149|125 146 126 125 125 126 130
Large L-16 200 200 200 200 200 200 200|170 - 171 179 175 171 175|200 200 200 200 200 200 200|168 235 182 171 179 180 184

L-17 230 230 230 230 230 230 230|140 256 143 140 140 140 149|230 230 230 230 230 230 230|140 278 142 140 143 142 142
L-18 126 126 126 126 126 126 126|106 106 106 106 106 106 106| 126 126 126 126 126 126 126|106 106 106 106 106 106 106
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L-19 192 192 192 192 192 192 192|153 213 168 168 162 168 163|192 192 192 192 192 192 192 153 - 168 165 173 177 165
L-20 214 214 214 214 214 214 214|195 253 194 194 195 194 195|214 214 214 214 214 214 214|197 - 194 195 194 194 194
L-21 264 264 264 264 2064 264 264|253 - 257 261 270 257 262|264 264 264 264 264 264 264|256 - 267 257 252 260 264
L-22 196 196 196 196 196 196 196|155 157 163 155 155 155 155|196 196 196 196 196 196 196|155 155 163 155 155 155 155
L-23 177 177 177 177 177 177 177|153 217 160 160 153 153 150|177 177 177 177 177 177 177|149 - 153 155 153 153 153
L-24 134 134 134 134 134 134 134|122 154 122 122 122 122 122|134 134 134 134 134 134 134|122 - 126 122 122 126 122
L-25 129 129 129 129 129 129 129|116 - 116 116 116 116 116|129 129 129 129 129 129 129|116 116 116 116 116 116 116
L-26 184 - 184 184 184 184 184 184 - 188 201 196 201 201|184 184 184 184 184 184 184|201 - 201 201 196 201 197
L-27 178 178 178 178 178 178 178|158 228 166 166 158 166 167|178 178 178 178 178 178 178|158 208 166 172 158 172 173
L-28 257 257 257 257 257 257 257|147 - 159 148 157 159 159|257 257 257 257 257 257 257|163 - 159 162 158 161 159
L-29 197 197 197 197 197 197 197|184 193 193 184 184 184 184|197 197 197 197 197 197 197|184 299 184 184 184 184 193
L-30 214 214 214 214 214 214 214|199 257 193 189 187 193 189|214 214 214 214 214 214 214|197 - 195 193 193 190 193
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Table B-3. Solving time of model performance comparison test.

Type 1/00 n/oo 1/n n/n

Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 CP IP DE-1 DE-2 DE-3 DE-4 DE-5
S-01 0.06 0.02 2.00 200 200 200 2004 011 0.03 20.00 20.00 20.00 20.00 20.00| 0.04 0.05 2.00 200 200 200 200/ 0.12 0.08 20.00 20.00 20.00 20.00 20.00
S-02 0.53 0.03 2.00 2.00 200 200 2008 068 0.16 20.00 20.00 20.00 20.00 20.00| 0.51 0.03 2.00 200 2.00 2.00 200| 0.99 022 20.00 20.00 20.00 20.00 20.00
S-03 024 0.01 2.00 200 200 200 2008 032 0.00 20.00 20.00 20.00 20.00 20.00| 0.47 0.02 2.00 200 200 2.00 200| 047 0.02 20.00 20.00 20.00 20.00 20.00
S-04 0.24 0.00 2.00 2.00 200 200 2008 024 0.00 20.00 20.00 20.00 20.00 20.00| 0.45 0.02 2.00 200 200 2.00 200/ 045 0.03 20.00 20.00 20.00 20.00 20.00
S-05 0.03 0.02 2.00 200 200 200 2008 027 0.03 20.00 20.00 20.00 20.00 20.00| 0.04 0.00 2.00 2.00 2.00 2.00 2.00| 046 0.05 20.00 20.00 20.00 20.00 20.00
S-06 0.34 0.00 2.00 2.00 200 200 2008 054 0.06 20.00 20.00 20.00 20.00 20.00| 0.56 0.02 2.00 200 200 2.00 200| 0.63 0.14 20.00 20.00 20.00 20.00 20.00
S-07 095 0.01 2.00 200 200 200 2008 219 0.98 20.00 20.00 20.00 20.00 20.00| 0.66 0.03 2.00 2.00 2.00 2.00 2.00| 292 1.88 20.00 20.00 20.00 20.00 20.00
S-08 1.01 0.05 2.00 2.00 200 200 200 1.62 0.94 20.00 20.00 20.00 20.00 20.00f 1.09 0.16 2.00 2.00 200 200 200 178 2.55 20.00 20.00 20.00 20.00 20.00
S-09 0.23 0.00 2.00 2.00 200 200 200f 024 0.03 20.00 20.00 20.00 20.00 20.00| 0.46 0.02 2.00 200 200 2.00 200/ 046 0.05 20.00 20.00 20.00 20.00 20.00
S-10 042 0.02 2.00 2.00 200 200 2008 095 044 20.00 20.00 20.00 20.00 20.00| 0.55 0.03 2.00 200 2.00 2.00 200| 0.99 027 20.00 20.00 20.00 20.00 20.00
S-11 0.55 0.05 2.00 200 200 200 2008 257 598 20.00 20.00 20.00 20.00 20.00| 0.53 0.11 2.00 200 200 200 200| 262 4.83 20.00 20.00 20.00 20.00 20.00
S-12 023 0.02 2.00 200 200 200 2008 065 0.08 20.00 20.00 20.00 20.00 20.00| 0.46 0.02 2.00 200 200 2.00 200/ 0.71 0.14 20.00 20.00 20.00 20.00 20.00
S-13 0.70 0.06 2.00 200 200 200 200 3.52 1.67 20.00 20.00 20.00 20.00 20.00| 0.93 0.06 2.00 200 200 200 200 335 3.25 20.00 20.00 20.00 20.00 20.00
S-14 0.04 0.02 2.00 200 200 200 2008 0.04 0.03 20.00 20.00 20.00 20.00 20.00| 0.04 0.02 2.00 200 200 2.00 200/ 0.04 0.03 20.00 20.00 20.00 20.00 20.00
S-15 040 0.00 2.00 2.00 200 200 200f 061 0.30 20.00 20.00 20.00 20.00 20.00| 0.52 0.02 2.00 200 2.00 2.00 200/ 0.80 0.69 20.00 20.00 20.00 20.00 20.00

Small S-16 0.03 0.02 2.00 200 200 200 2004 0.03 0.00 20.00 20.00 20.00 20.00 20.00| 0.01 0.02 2.00 200 200 2.00 200| 0.01 0.00 20.00 20.00 20.00 20.00 20.00
S-17 0.70 0.02 2.00 2.00 200 200 2008 059 0.20 20.00 20.00 20.00 20.00 20.00| 0.63 0.03 2.00 200 200 200 200| 0.77 0.78 20.00 20.00 20.00 20.00 20.00
S-18 0.33 0.02 2.00 200 200 200 2008 035 0.02 20.00 20.00 20.00 20.00 20.00| 0.49 0.05 2.00 200 2.00 2.00 200/ 049 0.05 20.00 20.00 20.00 20.00 20.00
S-19 031 0.02 2.00 200 200 200 2008 145 0.36 20.00 20.00 20.00 20.00 20.00|0.12 0.03 2.00 200 200 200 200| 133 122 20.00 20.00 20.00 20.00 20.00
S-20 0.53 0.05 2.00 2.00 200 200 200 09 0.53 20.00 20.00 20.00 20.00 20.00| 0.98 0.05 2.00 200 2.00 2.00 200/ 0.99 1.03 20.00 20.00 20.11 20.00 20.00
S-21 0.41 0.02 200 200 200 200 200 046 0.12 20.00 20.00 20.00 20.00 20.00| 049 0.02 200 200 200 200 200/ 055 0.58 20.00 20.00 20.00 20.00 20.00
S-22 0.56 0.03 2.00 2.00 200 200 2008 236 198 20.00 20.00 20.00 20.00 20.00| 0.76 0.03 2.00 200 200 2.00 200| 2.02 528 20.00 20.00 20.00 20.00 20.00
S-23 0.08 0.02 2.00 2.00 200 200 2008 0.10 0.02 20.00 20.00 20.00 20.00 20.00| 0.10 0.02 2.00 2.00 2.00 2.00 2.00| 0.08 0.03 20.00 20.00 20.00 20.00 20.00
S-24 0.40 0.03 2.00 200 200 200 2008 049 045 20.00 20.00 20.00 20.00 20.00| 0.42 0.03 2.00 200 200 2.00 200| 0.60 048 20.00 20.00 20.00 20.00 20.00
S-25 0.14 - 200 200 200 200 200 015 0.02 20.00 20.00 20.00 20.00 20.00| 0.38 - 200 200 200 200 200 039 0.02 20.00 20.00 20.00 20.00 20.00
S-26 020 0.01 2.00 2.00 200 200 2008 028 0.05 20.00 20.10 20.00 20.00 20.00| 0.38 0.01 2.00 200 2.00 2.00 200| 038 0.09 20.00 20.00 20.00 20.00 20.00
S-27 0.73 0.03 2.00 2.00 200 200 2008 053 0.34 20.00 20.00 20.00 20.00 20.00| 092 0.05 2.00 200 200 2.00 200/ 0.75 048 20.00 20.00 20.00 20.00 20.00
S-28 0.55 0.02 2.00 200 200 200 2008 120 0.64 20.00 20.00 20.00 20.00 20.00| 0.59 0.03 2.00 200 200 2.00 200| 1.62 1.08 20.00 20.00 20.00 20.00 20.00
S-29 0.15 0.02 2.00 200 200 200 2008 049 0.02 20.00 20.00 20.00 20.00 20.00| 0.42 0.00 2.00 200 200 2.00 200| 0.52 0.05 20.00 20.00 20.00 20.00 20.00
S-30 0.06 0.01 2.00 200 200 200 2008 038 0.06 20.00 20.00 20.00 20.00 20.00| 0.08 0.02 2.00 200 200 2.00 200| 054 0.09 20.00 20.00 20.00 20.00 20.00
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Table B-3. Solving time of model performance comparison test (cont.)

Type 1/00 n/oo 1/n n/n
Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 Cp IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 Ccp IP DE-1 DE-2 DE-3 DE-4 DE-5

M-01 1.77 028 2.00 200 200 200 2.00|21.16 60.03 20.00 20.00 20.00 20.00 20.00| 1.45 0.17 2.00 200 2.00 2.00 2.00|60.02 60.03 20.00 20.00 20.00 20.00 20.00
M-02 |0.39 0.03 200 200 200 200 200| 7.56 15.69 20.00 20.00 20.00 20.00 20.00| 0.55 0.03 2.00 2.00 2.00 2.00 2.00| 4.89 60.06 20.00 20.00 20.00 20.00 20.00
M-03 | 1.10 0.03 2.00 2.00 2.00 200 200|60.13 60.17 20.00 20.00 20.00 20.00 20.00{ 0.90 0.03 2.00 2.00 2.00 200 2.0060.14 - 20.00 20.00 20.00 20.00 20.00
M-04 | 0.67 0.08 2.00 200 200 200 2.00| 198 - 20.00 20.00 20.00 20.00 20.00|{ 0.81 0.11 2.00 2.00 200 200 200f 170 1.11 20.00 20.00 20.00 20.00 20.00
M-05 | 1.44 0.16 2.00 200 2.00 2.00 2.00|29.05 60.05 20.00 20.00 20.00 20.00 20.00| 1.26 0.09 2.00 2.00 2.00 2.00 2.00|10.07 60.08 20.00 20.00 20.00 20.00 20.00
M-06 |0.86 0.05 2.00 200 200 200 200| 3.15 458 20.00 20.00 20.00 20.00 20.00| 0.90 0.06 2.00 200 2.00 2.00 200| 4.19 11.72 20.00 20.00 20.00 20.00 20.00
M-07 |0.58 0.02 2.00 200 2.00 200 2.00| 817 14.03 20.00 20.00 20.00 20.00 20.00| 0.67 0.02 2.00 2.00 2.00 2.00 2.00| 588 60.14 20.00 20.00 20.00 20.00 20.00
M-08 |[0.76 0.05 2.00 2.00 200 200 200| 6.84 1536 20.00 20.00 20.00 20.00 20.00| 1.21 0.03 2.00 2.00 200 200 200 7.27 60.03 20.00 20.00 20.00 20.00 20.00
M-09 |1.48 0.11 200 200 200 200 2.00|3791 60.09 20.00 20.00 20.00 20.00 20.00| 1.52 0.16 2.00 2.00 2.00 2.00 2.00|3561 60.16 20.00 20.00 20.00 20.00 20.00
M-10 | 142 0.12 200 200 2.00 200 2.12|17.13 19.95 20.00 20.00 20.00 20.00 20.00| 1.77 045 2.00 2.00 2.00 2.00 2.00|10.22 38.77 20.00 20.00 20.00 20.00 20.00
M-11 | 0.87 0.03 2.00 200 200 200 200| 508 1291 20.00 20.00 20.00 20.00 20.00| 1.04 0.02 2.00 200 2.00 2.00 200| 6.99 60.06 20.00 20.00 20.00 20.00 20.00
M-12 | 1.06 0.05 2.00 200 200 200 2.00| 254 209 20.00 20.00 20.00 20.00 20.00| 0.66 0.06 2.00 2.00 2.00 2.00 200| 2.56 576 20.00 20.00 20.00 20.00 20.00
M-13 | 0.80 0.06 2.00 200 2.00 2.00 200| 6.72 60.03 20.00 20.00 20.00 20.00 20.00| 0.90 0.16 2.00 2.00 2.00 2.00 2.00|12.88 60.03 20.00 20.00 20.00 20.00 20.00
M-14 | 1.08 0.11 2.00 200 2.00 2.00 2.00|54.65 60.06 20.00 20.00 20.00 20.00 20.00| 1.33 0.14 2.00 200 2.13 2.00 2.00|31.03 60.11 20.00 20.00 20.00 20.00 20.00
) M-15 |4.02 050 2.00 200 2.00 2.00 2.00|60.02 16.12 20.00 20.00 20.00 20.00 20.00| 4.77 145 2.00 2.00 2.00 2.00 2.00|60.07 60.03 20.00 20.00 20.00 20.00 20.00
Medium npj6 | 170 009 200 200 200 200 2.00] 5051 60.09 20.00 20.00 20.00 20.00 20.00| 1.60 0.12 2.00 200 2.00 200 2.00|31.57 60.14 20.00 20.00 20.00 20.00 20.00
M-17 | 225 0.62 2.00 200 200 200 2.00|49.03 60.03 20.00 20.00 20.00 20.00 20.00|2.80 0.61 2.00 200 2.00 2.00 2.00|38.15 60.08 20.00 20.00 20.00 20.00 20.00
M-18 |232 041 200 200 2.00 2.00 2.00|60.05 6622 20.00 20.00 20.00 20.00 20.00|2.58 0.31 2.00 2.00 2.00 2.00 2.00|60.06 60.08 20.00 20.00 20.00 20.00 20.00
M-19 |1.83 041 200 200 200 200 200| 644 60.03 20.00 20.00 20.00 20.00 20.00|2.06 1.06 2.00 200 2.00 2.00 200| 6.06 60.03 20.00 20.00 20.00 20.00 20.00
M-20 |4.70 245 200 200 2.00 2.00 2.00|60.05 60.05 20.00 20.00 20.00 20.00 20.00| 4.07 4.58 2.00 200 2.00 2.00 2.00|60.05 60.06 20.00 20.00 20.00 20.00 20.00
M-21 |0.49 0.05 200 200 2.00 200 2.00| 992 50.83 20.00 20.00 20.00 20.00 20.00| 0.60 0.0l 2.00 2.00 2.00 2.00 2.00| 9.44 60.09 20.00 20.00 20.00 20.00 20.00
M-22 | 130 0.05 2.00 200 200 200 2.00| 594 7.49 20.00 20.00 20.00 20.00 20.00| 1.37 0.05 2.00 200 2.00 2.00 2.00| 475 44.58 20.00 20.00 20.00 20.00 20.00
M-23 |211 020 2.00 200 2.00 2.00 2.00|60.03 - 20.00 20.00 20.00 20.00 20.00| 2.56 0.53 2.00 2.00 2.00 2.00 2005729 60.08 20.00 20.00 20.00 20.00 20.00
M-24 | 1.79 0.08 2.00 2.00 2.00 200 200|60.05 60.14 20.00 20.00 20.00 20.00 20.00| 2.00 0.25 2.00 2.00 2.00 200 2.0060.12 - 20.00 20.00 20.00 20.00 20.00
M-25 |0.79 0.03 2.00 200 200 2.00 2.00|1096 32.08 20.00 20.00 20.00 20.00 20.00| 1.08 0.06 2.00 2.00 2.00 2.00 2.00|11.08 60.09 20.00 20.00 20.00 20.00 20.00
M-26 |0.60 0.02 2.00 200 2.00 200 200| 094 053 20.00 20.00 20.00 20.00 20.00| 0.65 0.03 2.00 2.00 2.00 2.00 200| 141 0.74 20.00 20.00 20.00 20.00 20.00
M-27 | 126 0.03 2.00 200 200 200 2.00| 420 60.03 20.00 20.00 20.00 20.00 20.00| 1.01 0.05 2.00 200 2.00 2.00 2.00| 503 60.06 20.00 20.00 20.00 20.00 20.00
M-28 |1.71 022 200 200 2.00 200 2.00|33.27 60.09 20.00 20.00 20.00 20.00 20.00|2.24 030 2.00 2.00 2.00 2.00 2.00|47.31 60.08 20.00 20.00 20.00 20.00 20.00
M-29 |3.56 094 200 200 2.00 2.00 2.00|60.07 60.05 20.00 20.00 20.00 20.00 20.00| 4.68 12.31 2.00 2.00 2.00 2.00 2.00| 60.09 - 20.00 20.00 20.00 20.00 20.00
M-30 |0.75 0.03 2.00 200 200 200 200| 1.70 2.88 20.00 20.00 20.00 20.00 20.00| 0.65 0.08 2.00 200 2.00 2.00 200| 2.08 10.39 20.00 20.00 20.00 20.00 20.00
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Table B-3. Solving time of model performance comparison test (cont.)

Type 1/00 n/oo 1/n n/n

Scale Net. ID| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 CP IP DE-1 DE-2 DE-3 DE-4 DE-5| CP IP DE-1 DE-2 DE-3 DE-4 DE-5 CP IP DE-1 DE-2 DE-3 DE-4 DE-5
L-01 093 0.05 2.00 2.00 200 200 2004392 60.16 20.00 20.00 20.00 20.00 20.00| 1.02 0.05 2.00 200 2.00 2.00 2.00|32.16 - 20.00 20.00 20.00 20.00 20.00
L-02 1.40 0.08 2.00 2.00 2.00 200 2.00f60.20 - 20.00 20.00 20.00 20.00 20.00| 1.46 0.11 2.00 200 2.00 2.00 2.00|60.06 - 20.00 20.00 20.00 20.00 20.00
L-03 093 0.03 2.00 2.00 200 200 200f60.10 60.06 20.00 20.00 20.00 20.00 20.00( 1.03 0.03 2.00 2.00 2.00 2.00 2.00f60.05 - 20.00 20.00 20.00 20.00 20.00
L-04 1.77 0.08 2.00 2.00 2.00 2.00 2.00f60.21 - 20.00 20.00 20.00 20.00 20.00| 1.98 0.06 2.00 200 2.00 2.00 2.00|60.12 - 20.00 20.00 20.00 20.00 20.00
L-05 047 0.03 2.00 2.00 200 200 2.00f 5895 - 20.00 20.00 20.00 20.00 20.00| 0.66 0.03 2.00 2.00 2.00 2.00 2.00|49.63 - 20.00 20.00 20.00 20.00 20.00
L-06 0.11 0.02 2.00 200 200 200 2001877 60.03 20.00 20.00 20.00 20.00 20.00| 0.12 0.02 2.00 200 200 2.00 2.00| 556 60.20 20.00 20.00 20.00 20.00 20.00
L-07 0.51 0.05 2.00 2.00 200 200 2008 771 - 20.00 20.00 20.00 20.00 20.00|0.72 0.05 2.00 200 2.00 2.00 2.00|11.99 60.11 20.00 20.00 20.00 20.00 20.00
L-08 1.18 0.08 200 200 200 200 200f60.20 60.11 20.00 20.00 20.00 20.00 20.00| 1.60 0.06 2.00 2.00 2.00 2.00 2.00|60.05 - 20.00 20.00 20.00 20.00 20.00
L-09 1.32 0.08 2.00 2.00 2.00 200 2.00|60.11 60.14 20.00 20.00 20.00 20.00 20.00( 1.51 0.12 2.00 2.00 200 2.00 2.00|60.11 - 20.00 20.00 20.00 20.00 20.00

L-10 099 0.02 2.00 200 200 200 200 816 4.16 20.00 20.00 20.00 20.00 20.00| 1.14 0.03 2.00 2.00 2.00 2.00 2.00|12.21 31.89 20.00 20.00 20.00 20.00 20.00
L-11 1.07 0.05 2.00 2.00 200 200 2005043 60.11 20.00 20.00 20.00 20.00 20.00f 1.20 0.06 2.00 2.00 2.00 2.00 2.00|44.14 60.11 20.00 20.00 20.00 20.00 20.00
L-12 1.81 0.14 2.00 2.00 2.00 200 2.00f60.07 60.16 20.00 20.00 20.00 20.00 20.00| 1.82 0.22 2.00 2.00 200 2.00 2.00|60.13 - 20.00 20.00 20.00 20.00 20.00
L-13 2.69 027 200 200 200 200 200f60.08 60.14 20.00 20.00 20.00 20.00 20.00| 3.09 042 2.00 200 200 200 2.00|60.19 - 20.00 20.00 20.00 20.00 20.00
L-14 1.69 0.11 2.00 200 2.00 2.00 2.00|60.11 - 20.00 20.00 20.00 20.00 20.00| 1.96 0.14 2.00 200 2.00 2.00 2.00|60.22 - 20.00 20.00 20.00 20.00 20.00
L-15 0.60 0.02 2.00 2.00 200 200 2.00|10.52 39.16 20.00 20.00 20.00 20.00 20.00| 0.67 0.03 2.00 2.00 2.00 2.00 2.00| 9.82 60.14 20.00 20.00 20.00 20.00 20.00
Large 1 16 0.74 0.03 2.00 2.00 200 200 2.00f60.07 - 20.00 20.00 20.00 20.00 20.00| 1.01 0.08 2.00 200 200 2.00 2.00|59.04 60.06 20.00 20.00 20.00 20.00 20.00
L-17 235 028 2.00 200 200 200 2.00|29.66 60.08 20.00 20.00 20.00 20.00 20.00|2.22 0.61 2.00 200 200 2.00 2.00|47.21 60.14 20.00 20.00 20.00 20.00 20.00
L-18 031 0.02 2.00 200 200 200 200 100 1.77 20.00 20.00 20.00 20.00 20.00| 0.58 0.00 2.00 2.00 2.00 2.00 2.00| 140 10.06 20.00 20.00 20.00 20.00 20.00

L-19 1.49 0.05 2.00 2.00 200 200 2004953 60.12 20.00 20.00 20.00 20.00 20.00|{ 1.91 0.11 2.00 2.00 200 2.00 2.00|59.48 - 20.00 20.00 20.00 20.00 20.00
L-20 1.19 0.02 2.00 2.00 2.00 200 2.00|60.17 60.20 20.00 20.00 20.00 20.00 20.00| 1.24 0.02 2.00 2.00 2.00 2.00 2.00f60.19 - 20.00 20.00 20.00 20.00 20.00
L-21 1.78 0.06 2.00 200 200 200 2.00|60.16 - 20.00 20.00 20.00 20.00 20.00| 1.63 0.27 2.00 2.00 2.00 2.00 2.00|60.13 - 20.00 20.00 20.00 20.00 20.00

L-22 1.09 0.03 2.00 200 200 200 2.00|11.48 60.02 20.00 20.00 20.00 20.00 20.00| 1.12 0.03 2.00 2.00 2.00 2.00 2.00|11.90 60.08 20.00 20.00 20.00 20.00 20.00
L-23 096 0.02 2.00 2.00 200 200 2.00f60.03 60.16 20.00 20.00 20.00 20.00 20.00{ 0.91 0.03 2.00 2.00 200 2.00 2.00f60.18 - 20.00 20.00 20.00 20.00 20.00

L-24 0.67 0.02 2.00 200 200 200 216| 857 60.12 20.00 20.00 20.00 20.00 20.00({ 0.84 0.02 2.00 2.00 200 2.00 2.00|12.05 - 20.00 20.00 20.00 20.00 20.00
L-25 047 0.02 2.00 200 200 200 200 215 - 20.00 20.00 20.00 20.00 20.00| 0.56 0.02 2.00 200 200 200 200| 233 38.09 20.00 20.00 20.00 20.00 20.00
L-26 1.29 - 200 200 200 200 2.0060.09 - 20.00 20.00 20.00 20.00 20.00| 1.59 0.08 2.00 200 2.00 2.00 2.00|60.13 - 20.00 20.00 20.00 20.00 20.00
L-27 1.36 0.06 2.00 2.00 200 200 200f60.15 60.12 20.00 20.00 20.00 20.00 20.00| 1.55 0.08 2.00 2.00 2.00 2.00 2.00|60.06 60.09 20.00 20.00 20.00 20.00 20.00
L-28 201 025 2.00 200 200 200 2.0060.07 - 20.00 20.00 20.00 20.00 20.00|2.24 0.34 200 200 200 2.00 2.00|60.07 - 20.00 20.00 20.00 20.00 20.00
L-29 1.09 0.03 200 200 200 200 2.00f42.17 60.09 20.00 20.00 20.00 20.00 20.00| 1.22 0.05 2.00 2.00 2.00 2.00 2.00|26.61 60.03 20.00 20.00 20.00 20.00 20.00
L-30 1.78 0.08 2.00 2.00 2.00 200 2.00|60.17 60.12 20.00 20.00 20.00 20.00 20.00| 1.63 0.20 2.00 2.00 2.00 2.00 2.00|60.16 - 20.00 20.00 20.00 20.00 20.00
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