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ABSTRACT

Selecting a Mix of Dispatching Rules For a Job Shop by Using

Artificial Neural Networks
@ Publisher Pramit Shah, 2004
Master of Applied Science
In the program of Mechanical and Industrial Engineering
Ryerson University

Dispatching rules are a popular and commonly researched technique for
scheduling tasks in job shops. Much of the past research has looked at the performance of
various dispatching rules when a single rule is applied in common on all machines
However, better schedules can frequently be obtained if the machines are allowed to use
different rules from one another. This research investigates an intelligent system that
selects dispatching rules to use on each machine in the shop, based on a statistical
description of the routings, processing times and mix of the jobs to be processed.
Randomly generated problems are scheduled using permutations of three different
dispatching rules on five machines. A neural network is then trained by using a
commercial package to associate the statistical description of each problem with its best
solution. Once trained, a network is able to recommend for new problems a dispatching
rule to use on each machine. Two networks were trained separately for minimizing
makespan and the total flowtime in the job shop. Test results showed that the
combination of dispatching rules suggested by the trained networks produced better
results for both objectives than the alternative of using the one identical rule on all

machines.
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CHAPTER 1

Introduction and Background

1.1 Introduction

In real world applications, one of the most important aspects of competitiveness
and success of an organization is efficient production management and timely decisions.
Such decisions are often constrained by specific objectives and requirements. These
constraints are frequently incompatible in nature, and as the number of such constraints
increases, the decision process becomes more complex. Scheduling decisions are an
important component of overall operational control in any manufacturing system.

The decision-making requirements for scheduling production systems have been a
fascinating research topic for more than three decades. The goal of scheduling is to
ensure that production objectives are met optimally. Researchers have developed
numerous models and methodologies for the planning and scheduling control of
production activities for different manufacturing layouts. Two of the most researched
models are flow shop and job shop.

A flow shop is a model in which machines are arranged in series. In this system,
jobs flow from an initial machine (resource), through several intermediate machines, and
ultimately to a final machine. A job may skip a particular machine, but all jobs must be
processed according to a fixed route. The job shop differs from the flow shop in one
important aspect: the flow of work is not unidirectional, meaning that jobs need not visit

the machines in the same order. The problem in the job shop is to schedule n jobs on m



machines such that one or more performance objectives is optimized. Each job requires j
number of operations (tasks) that are to be processed on these machines. Generally, a job
may not require all the machines and it may visit the same machine more than once.

A scheduling problem in a job shop is defined by several attributes, namely, the
number of jobs; the number of machines; the processing order of the jobs on the
machines (or routing); processing time of each job on different machines; job amival
times, and last but not the least, the performance objective to be achieved. Figure 1.1
displays a general job shop model. It illustrates the routes taken by two different jobs
through the shop. In this instance both the jobs visit machine number three after
completion of two operations as per their respective job routes. Supposing Job 1
completes both 1ts operations prior to job 2, then job 2 may have to wait in the machine

buffer (or queue) if the machine is still busy with job 1.

A Job shop Layout

A

lr 1 E__‘ Machine 3

W,
Buffer1

Machine 5

Buffer 5

\ N ]
: I
MR N Ry
U, ; _ “~ o ..
[ .' B Machine 4 ‘ N
Material L i

Handling system Bufter 2 Buffer 4

Job 1 route is 1-2-3-5-4.and job 2 is 5-4-3-1-2

Fig 1.1 Schematic layout of a job shop, illustrating the routes followed by two different jobs.



For scheduling n jobs on a single machine there are n! possible schedules, but in the

case of a job shop the number of possible combinations is (n!)™, when each job has one

and only one operation on each machine (Conway, 1967). For example with 10 jobs on 5

machines there are 6.92x1032 possible number of schedules. Thus, job shop scheduling is
a NP-hard problem (Pinedo, 1995) and. consequently. it is not practical to search for a
global optimal solution other than for very small problems.

A general job shop problem can be either static or dynamic. The static job shop
assumes that all jobs are available at the beginning of the planning phase. On the other
hand, the dynamic job shop problem assumes that the amrival times of the jobs are
unknown, and that jobs arrive at random intervals throughout the production cycle. A
schedule can be evaluated by its ability to meet production objectives like minimizing the
make span (or completion time), the mean flow time and mean tardiness. A schedule that
results in minimum completion time for a particular problem does not necessarily
minimize the mean flowtime in that problem. Hence, the aim of the scheduling is to find
a schedule for processing all jobs, such that one or more specified performance measures
are optimized.

A number of job shop scheduling techniques have been developed for solving static
and dynamic problems. Among these are the dispatching rules, which are a popular and
commonly researched technique for scheduling tasks in a job shop. A dispatching rule
(DR) is used to select the next job to be processed from a set of jobs waiting in the queue
(or buffer) when a machine becomes free. The simplicity and ease in application of
dispatching rules (DRs) have made them a practical tool for scheduling in the real world.
However, there are some shortcomings in the use of dispatching rules. First, none of the

dispatching rules dominates the others for the important performance criteria like mean
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flow time, mean tardiness, etc. This implies that DRs are problem dependent, and one DR
that gives a good result for one problem may not give an equally good result in another.
Due to the dynamic and changing characteristics of the jobs as they are processed, a job
shop may be able to meet the performance objectives better by judiciously changing the
DR on individual machines over time, or by using a combination of different rules for the
machines.

As a result of the scheduling complexity in modern manufacturing systems,
Artificial Intelligence (Al) techniques have been considered as a scheduling decision
tool; one technique that has shown promise is the Artificial Neural Network (ANN). In
simple terms, Artificial Neural Networks apply knowledge gained from past experience
to new problems or situations. An ANN looks for patterns in “training” sets of data,
learns these patterns and develops the ability to correctly classify new patterns. This
approach 1n a job shop that uses dispatching rules requires the neural network to be
prepared by selecting a set of training examples for different performance measures, and
finding from simulation (or other) studies the optimal rules to use in these examples.
Information from these optimal solutions is then used to “teach” the network to select the
most appropnate dispatching rule from several candidate / rules. Once this procedure is
completed, the trained neural network is capable of providing faster solutions to new
problems which were previously unseen by the network.

This research addresses the problem of an appropriate selection of dispatching
rules (in this case from three alternatives) to use for each of the machines in a job shop by
using artificial neural networks. Two separate artificial neural networks are developed for
the performance criteria of minimizing makespan and minimizing mean flowtime. Each
of these criteria have a different set of competing DRs to choose from.

4



1.2 Problem Definition

A job shop problem of interest is a 5-machine job shop. In actual manufacturing
systems, particularly those that follow a group technology concept, the number of
machines used can be reasonably expected to be between 3 to 10. Also, it seems to be a
consensus among researchers that a four-machine job shop is adequate to represent the
complexity involved in a large job shop (Kiran et al. 1984). Thus, the number of
machines chosen for this study is 5 machines, with number of jobs ranging from 10 jobs
to a maximum of 100.

In this study, a static job shop is considered with arrival time 4; = 0 for all the jobs.

Thus, all the jobs that are to be processed are available at the start of the scheduling
period. It has been assumed that all the jobs have two sets of attributes. The first one is

the work flow O, pattern (or route), that is machine k’s order in job i’s route. At the

beginning of the schedule, each job’s flow pattern is defined with the condition that each
job visits all machines once. In other words, each job has a specific precedence order of
operations, which has to be followed before exiting from the system. For example, a
specific job i may have the precedence order 4 —> 5~ »3 — »2 — >,

indicating that

job i’s first operation must be done on machine 4, its second operation on machine

’

5, and so on.
The second characteristic is the processing time (Pijk) representing the jtP operation

of job i on machine k. The time needed by each operation j of job i on machine k is
known in advance. In this study, deterministic processing times for these operations are

generated from the discrete uniform distribution U (10, 99) integer time units. For



example, a specific job on 5 machines may have processipg times of 45-95-61-20-35
corresponding to the machines on the job’s route.

Once operation j of job i has been completed, it will be transferred with the help
of a material handling system to the next machine, as per the job’s route for the next
operation j+/ if that machine is free. or to a buffer for that machine otherwise. It has been
assumed that the transfer time between machines is negligible and that the matenal
handling system is always available whenever required. Hence, jobs are either in process
on a machine, or waiting 1n a buffer for processing.

“Schedules are generally evaluated by aggregate quantities that involve
information about all jobs, resulting in one-dimensional performance measures” (Baker,
2002). The following two performance measures or criteria or objectives are considered
in this study.

a) Makespan: The makespan measures the total time taken by a given schedule to
complete the set of available jobs. In other words, it is the time at which the last job exits
from the shop. This measure is defined, for a sequence of n jobs, by

Cax = max;{C;} 2.1)

Where C; = Completion time of jobi=1,2,3....n

The objective of scheduling the jobs in a way that minimizes the makespan is an

important one, because it reduces throughput time for processing a batch of different jobs.

b) Mean Flowtime: Flowtime represents the total time spent in a job shop. This includes
actual machine processing time plus time spent waiting in buffers.

The mean flowtime is given by:

F

= 1
F== ,
-2 F, 2.2)

nMs



Where F; = Flow time or the time spent by job i in the system
The objective of minimizing the mean flowtime is a common objective in
scheduling, because it acts to reduce work-in process and inventory levels.

The job shop model considered in this study is based on the following explicit

assumptions:

* Jobs are independent and consist of strictly ordered operational sequences (or job

routes). Furthermore, all jobs have equal weights (importance).

Job pre-emption or cancellation is not allowed. Once the processing of any operation

has started on a machine, it cannot be interrupted before its completion, and then

resumed at a later time.

e There i1s only one machine of each type in the shop, and operations for two different

jobs cannot be processed simultaneously on the same machine.
e Set up ime is negligible.
e An operation may not begin until its predecessor is complete.

e Each machine is continuously available for production; machine breakdown or

downtime is not considered.
e There are no alternate routes for any job.

e The buffer capacity is unlimited and machine blocking does not occur.

1.3 Dispatching Rules (DRs)

Dispatching rules or (priority rules) refer to the procedure used to priontize the jobs

that are waiting in queue for a machine. The dispatching rule therefore picks the next job
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10 load on the resources or machine. There are more than 100 dispatching rules surveyed
by Panwalkar and Iskander. (1977). Dispatching rules use job specific information such

as processing time, due date, remaining number of operations, etc. The rules considered

in this study are:

a) Rules based on shortest processing time

e Shortest processing time (SPT): - Priority is given to the job with the shortest

immediate processing time (i.e., smallest processing time on the current resource).

e Least work remaining (LWKR): - Priority 1s given to the job with the least sum of
remaining operation processing times.

b) Rules based on Longest processing time

e Longest processing time (LPT): - Priority is given to the job with the longest
immediate processing time (i.e., largest processing time on the current resource).

e Most work remaining (MWKR) — Prionity 1s given to the job with the total work

remaining processing times.

c¢) Rule based on Queue status

e Work in the next queue (WINQ + PT): - Prionity is given to the job with the least
workload 1n the next queue it will visit, plus the processing time Py on the current

resource.

The Following Tablel.] summarizes the job shop problem parameters considered

in this research.



Number of jobs From 10 t0 100

Number of machines 5

Job armval times All jobs are available at the start of schedule

Flow pattern Process routes

Processing time Deterministic integers drawn from U (10,99)

1) Minimizing makespan
Performance measures

2) Minimizing mean flowtime

Dispatching rules SPT, LPT, MWKR, LWKR, WINQ+PT

Selection of dispatching rules by a trained neural
Job shop scheduling technique

network

Table 1.1 Characteristic of the job shop problem under consideration.

1.4 Thesis outline

The rest of the thesis is organized as follows: Chapter 2 provides a detailed
literature review on the dispatching rules, neural networks for scheduling, and past
research in selecting combinations of dispatching rules by different techniques. Chapter 3
presents a background introduction to neural networks. Chapter 4 provides a step-by-step
guideline on building a feed forward back-propagated supervised neural network for
selecting dispatching rule combinations. Chapter 5 analyses the output generated from the
trained network and examines the generalization capability of the trained network.

Chapter 6 provides a summary and a conclusion, and discusses further research scope.



CHAPTER 2

Literature Review

2.1 Literature Review

Scheduling jobs is an important aspect of a job shop manufacturing system
environment, for it can have a deep impact over the system’s performance efficiency. Job
shop scheduling has been studied extensively over the last three decades. Many
approaches have been developed to solve the static job shop scheduling problem, and
some of the well-known approaches can be found in French, (1982) and Pinedo, (1995).

However, for a practical application, scheduling decisions are usually taken 1n real
time considering existing constraints. Some of such constraints are the state of the shop
floor (e.g., availability of resources), characteristics of the production program (e.g., part
routing, due date of jobs) and production objectives (e.g., minimizing makespan) to be
achieved. Nevertheless, some of the uncertain variables such as breakdown / failures of
resources, new jobs prompted during a production cycle, etc. also need to be considered.
For these reasons many researchers tend to approach the job shop scheduling issue
through the acceptance of heuristic dispatching rules rather than seeking a deterministic
optimal solution to the problem.

This literature review reports on various job shop scheduling approaches. Both
Jones and Rabelo, (1996) and Blazewicz et al, (1996) have done detailed surveys on

various job shop scheduling techniques, which can be categorized mainly as either exact

or approximation methods.
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The category of exact methods includes all the mathematical models. These
guarantee optimal solutions for a job shop problem. However, their application is limited
10 a smaller numbers of jobs and resources. This is due to some of the limitations like
computational requirements for obtaining an optimal solution, difficulty in formulation of-
material flow constraints, etc. Also. the development in computational power of the
computer has sharply improved the use of such approaches, but nevertheless its
utilization remains limited.

Branch and bound is one such mathematical technique that deals with NP- hardness
of scheduling problems by decomposition into smaller sub problems that may be solved
for optimality. Blazewicz et al, (1996) presented a detailed discussion on the success and
the limitations of this method in job shop problems.

The category of approximation methods includes numerous algorithms and
techniques that are developed for producing good solutions, which can be reasonably
close to optimal results. These techniques can be further categorized as dispatching /
priority rules, Artificial Intelligence (AI) techniques and other heuristic methods. They
are used either to obtain a best sequence of jobs for the desired performance objective, or
to select from various dispatching rules ones to apply on the machines, based on the
current or prevailing conditions.

One of the most common approaches to dynamically schedule jobs is to use
dispatching rules (DRs). These rules are sometimes called scheduling rules, or priority
rules. They are defined by Blackstone et al, (1982) as a “Rule used to select the next job
to process from jobs awaiting service.” Dispatching rules are widely used in practice and
a considerable body of research exists because of their ease of implementation and their

substantially reduced computational requirements.
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The most well known and comprehensive survey of scheduling heurstics is by
Panwalker and Iskander (1977) where more than 100 dispatching rules were presented,
reviewed and classified based on their processing time, arrival time, queue status, etc. A
survey of 34 dispatching rules could also be found in Blackstone et al, (1982). A common
conclusion found in both surveys is that no single priority rule dominates and provides
consistently best results for different job shop situations. There have also been many
instances where combinations of rules have ‘been successfully used in job shop
scheduling (Blackstone et al, 1982). This approach has two or more dispatching rules
dynamically selected for each of the machines based on the shop floor’s prevailing
conditions.

Review of literature related to dispatching rules in job shop schedules reveals a
focus either to introduce new dispatching rules to optimize the shop floor performance or
to review and test the existing ones, both for different shop configurations and
performance objectives. Advanced simulation tools have been widely adopted for this
purpose. For instance, in the simulation study done by Waikar et al, (1995), ten different
dispatching rules (FIFO, SPT, DDT, LWKR, MWKR, MWKR-P, MWKR/P, MOPNR,
SLK/RO and RAN) were tested for different shop loads ranging from 70 to 85 %, with
job arrival and processing times following exponential and normal distributions
respectively. Waikar et al, (1995) considered two different sets of performance criteria
based on the flow-time and tardiness. The results of this study showed that both SPT and
LWKR perform well under different shop loads not only for mean flowtime, which

resulted in Jowering in process inventories. but also for total queue time and time spent in

the system.
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On the other hand, a comparative study done by Chang et al, (1996) evaluated the
performance of 42 different dispatching rules using a linear programming model. These
rules were broadly categorized in six different categories based on the smallest
processing time, the largest processing time, due date, number of operations, random rule
and lastly on the qucue status. In order to evaluate all the dispaiching rules, seven
different performance objectives were considered, which were further divided into two
sets, based on completion time and tardiness. Their analysis indicated that the shortest
processing time (SPT) related rules consistently performed well, while the longest
processing time based rules consistently performed badly.

Similarly, Rajender and Holthaus, (1999) carried out two different types of
comparative studies of dispatching rules in both flow shops and job shops. In the first
study, operations were performed on all the machines, but missing operations were
allowed for both the shops in the second study. The job shop studied had ten machines,
number of operations ranging from (2 ...10), processing times uniformly distributed
between (1,49), shop loads ranging from 80 to 95% and exponentially distributed
interarrival time. In their study, rhirteen different dispatching rules such as (FIFO, AT,
EDD, SPT, PT+WINQ, etc) consisting of both existing and new rules proposed by
Rajender and Holthaus, (1999) were evaluated for seven different performance objectives.
The objectives were based either on flow time or on tardiness. The results showed that for
the mean flowtime criterion SPT, PT+WINQ and RR (a rule by Raghu and Rajendran,
1993) performed consistently well under different shop loads. For the same criteria with
missing operations, PT+WINQ rules emerged on average to be the best. The study also
showed that for a higher shop load PT+WINQ performs significantly better than the SPT

rule.
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Almost all the papers cited above either introduced new dispatching rules or tested
existing rules based on a validated simulation model developed to test the rule itself.
Thus, simulation is one of the most common tools widely used by many researchers for
testing new or existing dispatching rules.

Although for many years the only practical approximation methods were priority/
dispatching rules, the introduction of more powerful computers, as well as an emphasis
on carefully designed, analyzed and implemented algorithms has allowed more novel
approaches to be developed for solving job shop problems. One example of such an
approach is the use of artificial intelligence (Al). Al is a sub field of computer science
that is concemmed with integrating biological and computer intelligence. It has
fundamental origins from biological understanding and uses principles in nature to find
solutions for vanous complex problems. There are a number of classes of Al techniques,
some of which are expert/knowledge-based system, neural networks (training and
learning), fuzzy logic, genetic algorithm search, etc.

As the development in solving job shop scheduling problems increased, the degree
of intelligence and the knowledge required for solving such problems also increased.
Figure 2.1 presents the degree of artificial intelligence required by different scheduling
approaches (Sim et al, 1994).

Expert / knowledge based systems mainly consist of knowledge and an inference

engine to operate on that knowledge base. The application of such systems can be seen in
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Fig. 2.1 Degree of artificial intelligence required by different scheduling approaches (Sim et al, 1994).

Pierreval, (1992), who demonstrated its use for selecting priority rules in a rwo machine
flow shop model of a flexible manufacturing system, with the shop load of 83%. Two
different dispatching rules (SPT and EDD) for five different criteria (based on flow time
and tardiness) were examined. The results showed that expert system (ES) provided on
average good resuits for the performance criteria of mean flowtime and average waiting
time as compared to SPT on both machines. Also, ES achieved the best performance
among SPT-EDD and SPT-SPT combinations on the two machines for mean tardiness
criteria.

Sim et al, (1994) developed an expert neural system in order to overcome some of
the limitations with the expert system and for solving job shop problems for objectives
related to tardiness. The artificial neural network was based on the back propagation feed
forward neural network (BPNN) with the generalized delta rule as a learning algorithm

and the sigmoid curve as the activation function. This model consisted of an input array
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of 14 neurons, sixteen sub-networks embedded in expert system and a single output node,
which determined jobs to be processed first, based on the lowest output value. The job
shop had nine resources, job arrivals following a Poisson distribution with an average rate
of 0.6 to 0.775. Each job had 3-6 operations and processing time of 1-4 time units per
operation and the performance objectives of minimizing lateness and tardiness. The first
10 input neurons represented different dispatching rules (such as SPT, LPT, EDD, etc)
and the remaining neurons represented the arrival rate of jobs in the neural network. The
results showed that the performance of this system was able 1o match the performance of
the best dispatching rule used in training for both the performance objectives. Although
the BPNN required a lengthy training process, once trained, the network only requires a
single forward pass of computation (from the input nodes to the output node) to schedule.

Production demands are often cyclic in nature, and if the pattern of such demands
can be recognized, then systems can respond to seasonal and sudden changes. Thus, a
system that is able 10 recognize such patterns is in a position to update scheduling
decisions effectively. Artificial neural networks, fuzzy logic and genetic algorithm are
some of the methods that can be used in order to develop such systems.

Fuzzy logic application in dynamic selection of dispatching rules was examined by
Subramaniam et al, (2000) for the performance objective of minimizing makespan in ten-
job, ten-machine job shop problems. The proposed approach carefully selects three
normalized nput units, based on the conditions prevailing in the job shop, and a fuzzy
scheduler selects an appropriate dispatching rule from the available candidates SPT,
WINQ, MWKR to use for the individual machines. The results showed that the best
makespan was obtained with the use of a combination of dispatching rules as compared
to using a single dispatching rule such as SPT, LPT, MWKR, LWKR, FIFO, LIFO,

16



MOPNR, LOPNR, NINQ, WINQ. The fuzzy scheduler is a one-pass approach and
requires the same order of computation time as the simple dispatching rule.

On the other hand, both Kumar & Srinivsan, (1996) and Chryssoluris &
Subramaniam, (2001) used genetic algorithms (GA) for dynamic selection of dispatching
rules in job shop scheduling problems. In the former, a genetic search procedure for a real
world combinatorial optimization problem was considered. The job shop had eighty jobs
and fifty-nine machines, with the number of operations ranging from (2, 37). Some jobs
could visit a machine more than once. Genetic algorithms use the idea of survival of the
fittest by progressively accepting better solutions to the problems. In this case randomly
generated strings of dispatching rules had a length of ren. The GA method generated a
better makespan as compared to using any one of the seven different dispatching rules
(SPT, LPT, TPT, RPT, DS, EDD, RS, FIFO) on ali machines. The proposed algorithm
yielded an improvement of about 3% in makespan over the best (SPT) among the seven
rules tested, but the computation time required by the genetic algorithm (998 sec) was
very large as compared to generating makespan by using a single dispatching rule (3.32
Sec).

In the GA study by Chryssoluris & Subramaniam, (2001), the dynamic job shop
had six machines, fixed job arrival times, from three 10 six operations and processing time
ranging uniformly from U {1,100] and uniformly distributed due date of U [-100,1500]
(loose) and U [-100,500] (tight). The study also considered machine breakdowns and
repair, and jobs could visit the same resource more than once. The performance
objectivres were minimizing cost and tardiness. The proposed GA outperformed the other

dispatching rules. Varying due dates did not seem to have any effect on the relative
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variation of the results. The computation time for this GA approach was about 2 orders of
magnitude larger than for a simple dispatching rule.

An artificial neural network (ANN) has the capability to recognize and leam new
patterns to generalize for any measurable function. ANN has been employed in a number
of real world applications in manufacturing, finance, stock market, medical field. national
security, etc. Zhang and Hung, (1995) provided a detailed survey on the neural networks
in manufacturing with the applications in the areas of process planning, quality assurance,
engineering design, scheduling, process control, etc.

There are various types of neural networks proposed and developed for solving
scheduling problems. It has been observed in the literature that job.shop scheduling
problems were solved by neural networks either to obtain optimal sequence of jobs or to
make a dynamic selection of dispatching rules based on the prevailing conditions of shop
floor; so that the desired performance objective could be satisfied. For the purpose of
research review, the various types of neural network that are of interest, viz:

1) Hopfield network and other optimizing networks
2) Multi-layer preceptrons (Back propagation networks)

Sabunguoglu, (1998) presented a detailed survey on using neural networks
exclusively for scheduling applications. He proposed two different classifications, based
on the types of neural networks used and the anplication area.

Hopfield networks were the first type of artificial neural network used for solving
job shop scheduling problems. Foo and Takeji, (1988a, 1988b) proposed a Hopfield
network with only input and output neurons. They mapped the problem on a two
dimensional matrix of neurons with (nm +1) rows and (mn) columns, where m is the
number of machines and n is the number of jobs. A Simulated annealing process was then
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applied 10 the model in order to force the network out of local minima. The method was
successful for a 4-job, 3-machine problem, but it had several limitations, such as the
number of jobs must be greater than the number of machines. The proposed network in
this method is not practical for large size problems and there is no guarantee of an
optimal solution. Furthermore, computation time, even for a small problem is excessive.

Satake et al, (1994) used a Hopfield network for minimizing the makespan in a job
shop by obtaining an optimal sequence of jobs. In this case, a Boltzmann mechanism was
used in order 10 avoid local minima. Various problems were considered ranging from 4-
jobs/3-machines to 10-jobs/10-machines. The proposed network produced optimal or
near optimal schedules within a reasonable amount of time. Further development in the
application of Hopfield networks for solving a job shop problem can be obtained from
(Sabunguoglu, 1998) and (Jain and Meeran, 1998).

The conclusions drawn from the review of Hopfield networks are that they require
an excessive number of neurons and interconnections and can get easily trapped in local
minima. For these reasons, they are suitable only for small size problems.

It has been observed in the literature that back propagation (BP) networks have
drawn the attention of many researchers. One of the reasons for this interest is that BP
network provides an increased speed for the selection process that may be needed in real
world applications. Jones and Rableo, (1990) were the first to use the back propagated
neural network in a proposed integrated (expert and ANN) scheduling system for ranking
a set of dispatching rules based on the current shop status and job characteristics such as
job types, arrival patterns, process plans. The output of the neural network was evaluated

by an expert system, which then generated a schedule for the performance objective of
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minimizing tardiness. In their results, the BP network was able to predict correct results
90% of the time.

Pierreval et al, (1992) used both neural networks and simulation for selecting
dispatching rules dynamically in a rwo-machine flow shop. In this study, five different
dispatching rules and five different performance criteria were considered based on DR
were considered. In this proposed back propagated neural network, there were 4 input
units representing mean arrival rate of jobs, mean expected processing time on each
machine and processing time variance, and a total of 19 output units representing a
combination of five dispatching rules on both the machines. A trial and error approach
determined 16 hidden neurons for a single hidden layer. A total of 500 training sets were
used for training the network. The trained network was capable of selecting the
dispatching rules based on the performance criteria. In a comparison of results between
neural network (NN) and simulation, the authors highlighted that NN had the advantage
of computational time over simulation for decision making in real time scheduling and,
also, memory required by NN was less as compared to the simulations using SIMAN IV
and GPSS packages. In a comparison between NN and expert system, the expert system
required expertise to develop larger knowledge bases, and this was difficult to obtain in
the case of selection of scheduling heuristics. The learning capabilities of NN avoid these
problems.

During the literature review it has been observed that although neural networks
were used in selection of dispatching rules in flow shops, there have been no

investigations of their use in dynamic selection of combinations of dispatching rules in

job shops.
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Thus, 1n the current research an artificial neural network to select combinations of
dispatching rules is investigated. The task of the neural network is to pick an appropniate
DR from a number of alternatives, given an instantaneous environment in the job shop.
(Pierreval, 1992) Also, it is desired 1o test the suggestion of and Sabunguoglo, (1998)

regarding the generalization property of back propagated networks for solving large size

problems, having learned to solve small size problems.
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CHAPTER 3

Artificial Neural Networks

The objective of this chapter is to provide background information on artificial

neural network, types of neural networks and a detailed description of a back propagated

neural network (BPNN).

3.1 Introduction to Artificial Neural Networks (ANN)

A job shop problem can be solved by several methodologies including
mathematical programming, simulation, prionty/dispatching rules, expert system,
artificial intelligence (Al) etc. An Artificial Neural Network (ANN), which is one of the
Al techniques, is an information-processing paradigm. The inspiration of using neural
networks lies in its ability to extract information from complex data, similar to the
biological nervous systems, and how the brain processes information. The key element of
this paradigm is the novel structure of the information processing system. It is composed
of a large number of highly interconnected processing elements (neurons) working in
harmony to solve specific problems. ANN systems, like people, learn by examples and

dynamically modify themselves to fit the data presented.

3.1.1 Basic Concepts

The basic building block of any ANN is the neuron, which is the fundamental cell

of the brain or simply the processing unit of our brain. These neurons have three principal
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components: dendrites, the cell body and an axon, which are presented in Fig 3.1. The
dendrites are tree like receptive networks of nerve fibers that carry electrical signals into
the cell body. The cell body effectively sums and thresholds these incoming signals. The
axon 1s a single long fiber that carries the signal from the cell body out of other neurons.
The point of contact between axon of one cell and a dendrite of another cell is called a

synapse. Learning process in the brain occurs due to the strengthening and weakening of

synapses (Reinhardt, 1990).

—

——> —
—

%
Fig 3.1 Basic features of a single biological neuron (based on Garson, 1998).
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3.1.2 Architecture of ANN

ANNs are composed of basic units called processing elements (PE), which are also
called as nodes or neurons. For example, in the back propagation (feed forward) network

the PE are arranged in layers referred to as input, hidden and output layers. Each PE
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receives an input X, from every other neuron a, which is multiplied by corresponding

weights. The aggregate input signal to the PE, Net, is calculated as the sum of these
weighted inputs. (Smith, 1999).

The resulting signal is then passed through an activation function, which could be
linear, logistic, step, ramp, sigmoidal or hyperbolic tangent depending on the problem to

be solved. The output O, of the PE neuron is therefore Oy, = f (Net).

In simple terms, neurons multiply an input by a set of weights, then combine these
weighted inputs into an internal activity level by adding them together. The resulting
signal is then modified by the transfer function of the PE to produce the output. Figure
3.2 shows the structure of a PE. The power of neural computation comes from the
immense number of interconnections between the PEs, which share the load of the

overall processing task, and also from the adaptive nature of the parameters (weights) that

interconnect the PEs. (Garson, 1998).

Summation Activation

Weights B

X bias
n
Inputs

Fig 3.2 Processing elements (Garson, 1998).
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3.1.3 Classification of Neural Network Architectures

There are several neural network architectures, which are used not only for solving
job shop scheduling, but also for several other applications. Figure.3.3 provides
classifications within the field of neural computing. Jain and Meeran (1998) have
presented details about each of the different types of neural networks. There are several

different neural architectural models, but most of these can be divided into two main

categones viz. feed forward and feedback.

Neural Network Architectures

Supervised Training Emor Correction networks

e.g Backpropagation

Multi-Layer Perceptron Probabilistic

Supervised Training e.g Simulated Annealing
Fixed Weight-Recurrent Networks
Auto-Assodative Memories
Classification and dustering Models Searching networ
Unsupervised Training e.g Hopfield
) - Self-Organizing or
Unsupervised Training ing

Fig.3.3 Classification of common neural network architectures (Jain and Meeran, 1998).

3.1.4 Feed Forward Neural Network

Processing elements are usually organized in layers. These layers can be connected
in a number of different ways. A neural network with more than one layer is called a
multi-layer neural network. Figure 3.4 shows the architecture of a multi-layer neural

network. As can be seen in this network, the output from each layer feeds the next layer
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of units in a forward direction and there is no feedback connection between the layers,
that is, the information is processed from left to right only. Garson (1998) descnibes this
network as one that “‘has one or more inputs which are propagated through one or more
number of hidden layers. Each layer contains a variable number of nodes, which finally

reaches the output layer containing one or more output nodes”.

VA
{ \ Weights

Ouput Layer

Hidden Layer

; Input Layer

Fig 3.4 Multi-layer feed forward neural network (based on Garson, 1998).

3.1.5 Learning Rule

There are several learning rules, such as Hebb’s rule, the Delta rule, Gradient
Descent rule, etc. The choice of learning rule depends to some extent on the chosen
architecture (Smith, 1999). For instance, in case of back propagation, the Delta rule is
mostly used for generalization of errors. Learning rules can be divided into two main

types: supervised and unsupervised learning (Smith, 1999).
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a) Supervised learning in simple terms is deﬁnéd as ‘learning with teacher’ (Smith, 1999).
In this case, the network is trained with the correct/desired responses for given mputs.
During the leaming process global information may be required. Usually, supervised
learning is done off-line i.e. the network can be trained separately and later on the trained
network is used for obtaining solutions to new problems (Garson, 1998).

b) Unsupervised learning. In this situation there is no external teacher used by the neural
network for training. In other words, the desired output for the input is either unknown or

does not exist, and learning is based on local information. Usually unsupervised learning

is performed on-line (Smith, 1999).

3.2 Neural Network training by Back Propagation (BPNN)

Back propagation Neural Networks are a class of feed forward neural networks
with supervised leaming rules. In order to train a neural network to perform a certain task
the weights of each unit must be adjusted in such a way that the error between the desired
output and the actual output is reduced. The actual response of the network is subtracted
from a target response to produce an error signal. The derivates of the output error are
passed back to the hidden layer using the original weighted connections. Each hidden
node then calculates the weighted sum of the back-propagated errors to find its indirect
contribution to the known output errors. After each output and hidden node finds its error
values, the weights are adjusted to reduce the errors. This process requires that the neural
network compute the error derivate of the weights.

The back propagation algorithm is the most widely used method for determining
error derivates of the weights. For the present research different BPNN networks are built

for different performance objectives. There are a few important parameters and
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guidelines required while building the BPNN network, the details of which are provided

below:

3.2.1 Scaling Function

Scaling function is used in the input layer to scale the data from their numeric range
into a range that the network deals with efficiently. In case of supervised feed forward
back propagation neural network the output patterns also require normalized or scaled
value in the same range as of input. Common ranges for scaling are either 0 tol or -1 to 1.
In this study both the input and output patterns for neural network training are scaled

between 0 and 1(Neuroshell 2 manual; Swingler, 1999).

3.2.2 Transfer Function

In simple terms, the transfer function, which is also called as transformation,
squashing, activation or threshold is a mathematical formula that determines the output of
a processing neuron. In most areas of research the Sigmoid or S-shaped function is more
popular as compared to other functions such as hyperbolic, tangent, step, ramping, arc tan
or linear. For sigmoid function, the output varies continuously but not linearly as the
input changes. According to Swingler (1999), the activation functions are “necessary to
introduce non-linearity in the network. This non-linearity makes it possible to learn non-
linear functions”. Sigmoid functions are more inclined to vary an output than threshold
functions, because threshold functions usually are not sensitive to small changes in
weights. For this reason, sigmoid functions are used in neuron activations for the

proposed BPNN for job shop dispatching rules selection model (Garson, 1998).
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3.2.3 Delta Rule

“For a given input vector, the output vector is compared to the correct answer. If
the difference is zero no learning takes place; otherwise, the weights are adjusted to
reduce this difference” (Garson, 1998). The change in weight w for output layer neuron a
with respect to input layer neuron b is the learning rate r times the activation function (H
for neuron a times c, the correct desired output of neuron a:

Ay =1f 1 Ca (3.1

Cgq 1s the difference between the expected and actual output. During this learning

the delta weight as shown in the equation is added to the existing weight w,,. More

details about the rule can be obtained from (Garson, 1998).

3.2.4 Type of Datasets

It is important to define and discuss the various types and sets of data. Data for
neural networks are an input-output model. “Inputs are the presumed predictor variables,
while outputs are the neural model’s estimates of the dependent vanable or variables”
(Garson, 1998). In simple terms the data set is a set of examples for learning, which is
nothing, but a “training set”. The neural modeling sofiware uses this set to compute
model weights. Garson, (1998) defined the test data set as “the set of data to which the
final neural model, and its associated weights, is applied for purposes of generalization.”

There is a distinction in types of data sets between test sets and validation sets.
According to Garson (1998), a test set is a collection of data that is used for testing the
performance measure without changing any of the parameters, while a validation data set

is used to tune the parameters. However, Garson, (1998) also mentioned that the test data
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sets are used for validation in the final stage of development of a neural model and thus,
test data sets are sometime referred to as validation data sets. In this study only training

and testing data sets are considered.

3.2.5 Learning Rate and Momentum

The learning rate (1) controls the magnitude of the adjustments to the network’s
weights in response to the error. Each time a pattern is presented to the network, the
weights leading to an output node are modified so as to produce a smaller error the next
time the same pattern is presented. The magnitude of the weight adjustments is
determined by the relationship: leaming rate times the error. In most neural packages the
learning rate is between 0.1 and 1. In Neuroshell 2 the default value 1s 0.1. A high
learning rate might lead the local minimum to be overstepped constantly, causing
oscillation from side to side, and never reaching convergence to the lower error state
(Garson, 1998).

One way to allow faster learning without oscillation is to make the weight change a
function of the previous weight change in order to provide a smoothing effect. The
momentum (a) factor determines the proportion of the last weight change that is added
into the new weight change (Garson, 1998). The Momentum, which causes the weight
changes to be affected by the size of previous weight changes, is used to avoid local

minima. Typically a is selected in the range of 0 < a <1” (Swingler, 1999). The default

momentum value in Neuroshell 2 is 0.1.
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3.2.6 Initial Weights

All network weights must be set to initial values before training starts. 1f weights
are too large then the network might become unstable and the nodes saturated, and if
weights are 100 small then weight changes will be slow. The choice of initial weights is
dependent upon the problem and normalization of variables (Swingler, 1999). Generally,

weights are chosen randomly. The default initial weight value in Neuroshell 2 is 0.3.

3.2.7 Neural Network Training

Garson, (1998) defines training as, “the process of refining the weights in a neural
model through a process in which training data set are fed into the model, analyzed and
reprocessed through a number of iterations.” The objective of training a neural network is
to adjust the weights so that application of a set of inputs produces the desired set of
outputs. Training assumes that each input vector is associated with an output vector.

In brief, training a feed-forward neural network with supervised leamning consists of
the following procedure, adapted from Garson (1998).

e Select a training pair from the training set and apply the input vector to the network

input.

e Calculate network output using a forward pass. Calculation of network output is
accomplished by using a feed-forward process and application of an activation

function for each layer in the network.

e Compute the difference between network output and the desired target value from the

training pair output value.

e Change the network weights in a way that minimizes the error.
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This chapter has provided a detailed description of BPNN along with different
parameters (o be considered while designing BPNN for solving the job shop problem for
two different performance objectives. The next chapter describes building a BPNN for

selecting appropriate dispatching rules in a 5-machine job shop.
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CHAPTER 4

Methodology and Design of BPNN

This chapter introduces the methodology for constructing a back propagation neural

network (BPNN) that selects a combination of dispatching rules to use in a job shop

problem.

4.1 Designing a BPNN for job shop scheduling

In order to build a BPNN, there are some common steps that should be followed for
achieving desired objectives. Baily and Thompson, (1993) provided detailed guidance on

how to build neural networks along with the design decisions to be considered for

commonly used neural paradigms like BPNN, Boltzman machines, Hopfield network, etc.

Likewise, Kaastra and Boyd, (1996) provided a step-by-step guide for building a BPNN
forecasting model. Based upon both these references, Figure. 4.1 is constructed to
highlight the main steps required in designing a BPNN. The procedure is not usually a
single pass process and some of the steps like training and testing may need to be carried
out several times.

The material in this section is organized based on the design steps of Figure. 4.1.

The detailed explanation is presented for a BPNN with regards to the performance

criterion of minimizing makespan. This same procedure can be used for other
performance criteria, as will be illustrated for mimmizing the mean flowtime in section

4.7 of this chapter.
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Fig 4.1 Design methodology for building ANN.
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4.2 Problem Analysis

The definition, nature and scope of the job shop problem along with the type of
neural network recommended for solving it have been discussed in chapter one. The case
of a 5-machine job shop is considered, although a similar approach can be used for job
shops having different numbers of machines. The objective is to select for each machine,

one of three alternative dispatching rules so that a given performance criterion is

optimized for the problem on hand.

4.3 Data Acquisition and Preparation

In building an effective ANN, the researcher has to decide what kind of data are to
be used, namely either historical or constructed data. If historical data are being used,
then they must be sorted or filtered from noisy data, if any. A format and range for each
mput and output are then selected and the data are expressed in a manner that can be
presented to the BPNN. This usually takes form of a data vector as follows:

<Input 1, input 2, input 3,........input Nj, output 1, output 2, output 3.....output Ng>

Where N; and Ng represents number of input and output nodes respectively.

Before the data are collected, it is necessary to decide which of the job shop

attributes will be used in the input layer and what output information is desired of the

’

network.

4.3.1 Input Variable Selection

Input variables must be selected very carefully, taking into account the given

performance objective to be achieved. Here, the objective considered is to minimize
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makespan, which mainly depends on the job’s processing times (P;;) and the routes
(Q. ). However, in a case where every job visits each machine once, the subscript j can
be dropped and the processing time represented as (P;). The number of units in the input

vector is dictated by the specific representation adopted for the schedule of the job shop
problem. In the proposed representation, it is desired 1o characterize the job shop 1n terms
of machine loads, dispersion of machine processing times and mean routing order on
each machine. This 1s achieved by a total of 15 input units for a 5-machine job shop. The

information carried in each of these units is organized as follows:

Input 1: - Total processing time on machine 1 = iPn e (4D
i1

Input 2: - Total processing time on machine 2 = Z:]:Pﬁ e (42)

Input 3: - Total processing time on machine 3 = Z;:PB eeee . (43)

Input 4: - Total processing time on machine 4 = zn:PM e (449)
i1

Input 5: - Total processing time on machine 5

Zpis e (45)

nz P, - (i P,)’
=1 i=1

Input 6: - Variance of processing time for machine 1

= 4.6
n(n-1) (4.6)
. nz Piz - (Z Pi2 )2
Input 7: - Variance of processing time for machine 2 = —=! =l e (4D
n(n-1)
- "ZPB _(ZPB)2
Input 8: - Variance of processing time for machine 3 = —=! =l e (4.8)

n(n-1)
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Input 9: - Vanance of processing time for machine 4 =

nipiq - (i Pid )2
il i=1

49
n(n-1) 49
_ nZPiS "(Zpis)z
Input 10: - Variance of processing time for machine 5 = —i=! il ceee (4.10)
n(n-1)
Input 11: - Mean routing order of machine 1 =R,_, - ]—iQ“ e (41)
n i=]
Input 12: - Mean routing order of machine 2 = R, _, :liQiz e (412)
n i=]
Input 13: - Mean routing order of machine 3 =R, _, =liQi3 e (413)
i=]
Input 14: - Mean routing order of machine 4 =R, _, =lZQi4 v (414)
i=]
Input 15: - Mean routing order of machine 5 = R, _s =12Qi5 e (45)
n i=]

4.3.2 Construction of an Input Vector

A single input vector represents a job shop problem. This section gives detailed
illustration of how an input vector 1s computed for a randomly selected 10-job, S-machine
example. Table 4.1 depicts the raw data for this problem, identified as N10M265 - 10
der;otes a 10-job problem; M represents the makespan criterion and 265 the problem
number. (Note this example problem is taken from a set of 2494 random problems

generated for training the network). The details of how each of the input units is

constructed is explained hereafter.
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Job Routes Processing time (Pijk) time units

No
1 3 1 4 5 2 47 67 43 74 57
2 3 4 S 2 1 47 44 72 74 60
3 4 1 2 5 3 46 85 84 69 30
4 3 4 5 2 1 43 3] 55 51 85
5 1 4 S 3 2 77 24 55 40 88
6 1 4 5 3 2 95 17 78 52 63
7 1 4 S 3 2 64 48 53 33 49
8 4 ] 2 5 3 4] 66 66 53 37
9 3 5 ] 2 4 52 64 95 60 2]

10 3 4 S 2 ] 46 52 64 53 85

Table 4.1 Raw data of sample problem N10M26S.

Input units 1 through 5 (Total processing times):

The total processing time on a given machine is the summation of processing time
requirements on that machine. This measure helps to identify which machine is a
bottleneck and to what degree. Total Joad on each of the machines is obtained by adding
the processing time of all the jobs visiting that machine. The bottleneck machine is that
which has the highest load. Applying equations 4.1 through 4.5 for the data of Table 4.1
results in total machine loadings given in the third column in Table 4.2. Here, machine 1

with a total Joad of 780 (time) units, is the bottleneck machine.

Input unit Machine Total Joad Normalized value
] 1 780 1
2 2 645 0.827
3 3 427 0.547
4 4 367 0.47
5 S 637 0.817
Max Value (H) = 780

Table 4.2 Determining inputs 1 to 5 for example no. NM10265.

The next step 1s to convert the machine loads in the range (0, 1). This is necessary
because the input layer must have continuous values between 0 and 1 whenever tke
sigmoid activation function is used. This can be achieved by calculating a relative
percentage for each load with respect to the highest load. Thus, for a given range of data

with maximum values= H, a specific normalized value V is calculated by V / H. The
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normalized machine loads for the example job shop of Table 4.1 are given in the last

column of Table 4.2

Input units 6 through 10 (Variance of processing time):

As different jobs have different processing times on a given machine, it is useful to
have an indication of the spread (dispersion) of these times about the mean. This is
achieved by calculating variance, which is a measure of this spread for each machine.
The variances for the sample problem in Table 4.1 are computed by using equations 4.6
to 4.10. The data are formatted in the range 0 to 1 by dividing them by the maximum
variance among the five machines. Table 4.3 shows the variance for the five machines of

the problem given in Table 4.1 and the normalized values used for input units 6 through

10.
Input unit Machine Variance Normalized value
6 1 169.56 0.92
7 2 184.28 1.00
8 3 57.34 0.311
9 4 154.23 0.837
10 5 87.56 0.475
Max Value = 184.28

Table 4.3 Inputs 6 to 10 for example problem N10M265.

Input Units 11 through 15 (Mean order of routing (R;):

The purpose of this measure is to characterize the prevailing flow pattern, if
any, due to the combination of job routes for the problem to be scheduled. The mean

routing order (R, ) for each machine k is calculated as follows: -

] n
R, = ;ZQik | ceee (4.16)
i=1

Where, Q;, = machine &’s order in job i’s route.

k=12,..5
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The minimum value for O, is 1 and the maximum is 5 (because 5 machines are
visited by ecach job). A lower value for O, indicates that machine & is visited

predominantly by jobs during the earlier stages in their routes, while higher values
suggest that the machine is visited more towards the later operations of the job’s
processing orders. The mean routing order for five machines based on the problem of

Table 4.1 is given in column 3 of Table 4.4

Input unit Machine Mean routing order Normalized Value
11 1 27 0.54
12 2 4.2 0.84
13 3 27 0.54
14 4 22 0.44
15 5 3.2 0.64
Max Value = 4.2

Table 4.4 Example of normalized value for inputs 11 through 15 for example problem N10M265.

From Table 4.4 it is seen, for example, that the mean routing order for machine 2 is
4.2. This indicates that machine 2 is predominately visited towards the end of the routes
in most of the jobs. The mean routing orders are normalized between 0 and 1 by dividing

Oy, for each machine by the number of machines (5 in this case).

Once all the input data computations are done, the input vector can be prepared.
The 15 input units representing the 10-job problem in Table 4.1 is constructed by using

the normalized values from the last columns of Table 4.2, 4.3 and 4.4. This result is

shown in Table 4.5.

Dat o _ T

ke (a;o Total Processing time Variance of Processing time Routing Complexity -
Input

mis | 12 3 4 516 7 8 9 10 | I 12 13 14 I

value | 1.0 0827 0547 0471 08171092 1.0 0311 0837 0475] 054 084 054 044 06

Table 4.5 15 Unit input vector representing job shop problem of Table 4.1.
The input vector in Table 4.5 can be interpreted to describe the job shop problem,

for instance, as one where the machine 1 is a strong bottleneck. Machines 1, 2 and 4 have
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a wider range of processing times as compared 10 the other two machines; and finally

machine 2 is visited last or near last by most of the jobs.

4.3.3 Output Layer

For solving the makespan minimization problem the three dispatching rules SPT,
LPT and MWKR are considered. Past research by Kumar & Srinivsan, (1996) and by
Subramaniam et al, (2000) has showed rules SPT, LPT and MWKR are among a few
rules effective in minimizing makespan. The neural network’s task is to select one of
these dispatching rules for each of the five machines. Therefore, the output layer has been
designed with 15 units (3 rules x 5 machines). Each unit represents a dispatching rule for
a machine. The higher the value of an output unit, the higher is the desirability of using

the dispatching rule associated with that unit on the corresponding machine.

4.3.4 Data Collection

Now that the input units and the desired output have been defined, the next step is
to collect data for training and testing the network. A total of 7500 job shop problems
were generated randomly using n=10, 15 and 20 jobs in equal quantities. A C++ program
(see Appendix A1) is used for this purpose. The processing times used for the problems
are uniformly distributed between U (10,99) integer time units. The number of different
job routes in each problem is between 5 and 11, selected randomly from the 120 (or 5!)
possible routes in a 5-machine job shop. This range for the routes is used to ensure that

several jobs have identical routes in order to simulate more realistic situations. It is
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unlikely in a real world application, particularly within group technology settings, for
most if not all jobs to have different routes from one another.
The optimal combination of dispatching rules that minimizes makespan for a given

5-machine job shop problem is found by enumerating all possible combinations, a total of

243 possibilities of dispatching rules (3° combinations) for the three dispatching rules
SPT, LPT and MWKR. The neural output assumes values between 0 and 1.0; the
maximum value “1.0” suggests undisputed preference for the specific dispatching rule
represented by the unit. As the output value reduces, the preference for the corresponding
dispatching rule diminishes proportionately. In supervised learning, desired (or target)
outputs are needed in training the network. The target outputs for the proposed network
are extracted from the optimal rule combinations in the following fashion, using data
from Table 4.1 to 1llustrate the procedure.
The optimal selection of dispatching rules for the problem N10M265 gives a

makespan of 826. Two different optimal combinations of the three rules exist for this

problem as shown in Table 4.6

M/C ] M/C 2 M/C 3 M/C 4 M/C 5
MWKR SPT MWKR LPT LPT
MWKR | MWKR | MWKR LPT LPT

Table 4.6 Optimal rule combinations for example problem N10M265.

In order to represent DR combination, the data of Table 4.6 are presented in a
numerical form suitable for the output vector. The number of times a rule appears in an
optimal combination is computed in each machine. For example, in machine 2 (Table

4.6) both SPT and MWKR (but not LPT) appear once in the optimal result. A similar

calculation for the other machines is done and the final counts are given in Table 4.7.
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DR M:/C1 MC2 M/C3 M/C 4 M/C 5

SPT 0 ] 0 0 0

LPT 0 0 0 2 2
MWKR 2 1 2 0 0

Table 4.7 Numerical representation for optimal rule combination of Table 4.6.

In order 1o normalize the output results of Table 4.7 between 0 and 1, the entries

in Table 4.7 are divided by the total number of optimal results (2) for the problem. The

resulting output (o/p) vector is shown in Table 4.8, which represents the target output

pattern that would be associated for training purposes with the input vector of Table 4.5.

Machinel Machine2 Machine3 Machined Machine5
SPT LPT MWKR | SPT LPT MWKR | SPT LPT MWKR | SPT LPT MWKR | SPT LPT MWKR
0.000 0.000 1.000 | 0.50 0.00 0.50 0.00 0.00 1.00 0.000 1.000 0.000 000 1.000 0.00

Table 4.8. 15-unit vector representing desired output for example problem N10M265.

As can be seen from the output vector above, a minimum makespan can be

obtained by using MWKR on machines 1 and 3; LPT on machine 4 and 5; and either SPT

or MWKR with equal favor on machine 2. Table 4.9 shows a sample of several pairs of

training patterns generated from the training problems where number of jobs (n) is 10.

The optimal combinations of dispatching rule in each problem are used for training. In

order to compute the neural input and output (optimal combinations of dispatching rule

for each problem) vectors are computed by using a program in C-++ (see Appendix A2).

The back propagation neural network model proposed for selecting one of the three DRs

for each of the machines in a S-machine job shop appears as shown in Figure 4.2.

4.3.5 Validation of Training data set output

In order to validate the makespan results obtained from the C++ program of

Appendix A2, a simulation model of a 5-machine job shop was developed with a student
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Error Back propagation :] Output Comparision

Information Propagation ’\

Hidden Layer

Input 15

Input Layer Weights Ouput Layer

Fig. 4.2 Structure of ANN proposed for the S-machine job shop.
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Mean Routing order

[ Data Set Total Processing time Variance of Processing time
Numbers | Input1 Input2 Input3 Input4 Input5 | Input6 Input7 Input8 Input9 Input 10 |Input i1 Input12 Input 13 Input 14 Input 15
NIOM301{ 0.50  0.71 0.80 0.93 1.00 0.75 0.98 0.51 1.00 0.46 0.46 0.60 0.76 0.60 0.58
NI1OM302 | 0.92 1.00  0.87 0.90 0.88 0.32 1.00 0.67  0.55 0.59 0.48 0.72 0.46 0.80 0.54
N10M303| 0.75  0.35 1.00 0.67 0.72 0.64 1.00 0.58  0.54 0.42 0.68 0.36 0.50 0.58 0.8R
NIOM304 1 0.71 0.54  0.57 0.86 1.00 0.70 0.79 1.00 0.89 0.88 0.36 0.66 0.50 0.76 0.72
NIOM30S| 1.00 0.88  0.63 0.94 0.82 0.74 0.97 1.00  0.60 0.77 0.32 0.60 0.60 0.76 0.72
NIOM306{ 0.53 038 097 1.00 (.48 0.43 0.47 0.22 1.00 0.37 0.52 0.64 0.62 0.66 0.56
N10M307| 0.48 1.00  0.84 0.84 0.53 0.76 0.77 039  0.44 1.00 0.48 0.88 0.52 0.32 0.80
N1OM308| 0.87  0.87 1.00 0.98 0.40 0.48 0.69 0.63 0.58 1.00 0.46 0.60 0.78 0.44 0.72
NI1OM309| 0.84 0.74  1.00 0.55 0.63 0.88 0.77 0.84  0.84 1.00 0.72 0.68 0.50 0.54 0.56
NIOM310| 1.00 0.66 0.3l 0.63 0.91 0.76 0.61 1.00 047 0.52 0.62 0.72 0.38 0.74 0.54
NIOM311 | 0.52 0.78 0.95 1.00 0.63 0.20 0.68 0.70 1.00 0.71 0.68 0.60 0.64 0.44 0.64
NIOM312§ 0.66 0.75 1.00 0.94 0.93 1.00 0.48 0.69 0.55 0.96 0.52 0.56 0.76 0.60 0.56
NI1OM313| 080 095 079 0.57 1.00 0.88 0.15 0.51 1.00 0.64 0.66 0.54 0.60 0.54 0.66
NIOM314| 0.75 .66 0.61 0.96 1.00 1.00 0.85 0.72 .84 0.77 0.30 0.76 0.68 0.68 0.58
Target Output Patterns
Data Set Machinel Machine2 Machine3 Machincd Machines
Number [ o/pl o/p2 o/p3 o/p 4 olp5 o/p 6 ofp7  o/p& o/p9 | o/pl0 opll ofpl2 o/p 13 o/p 14 o/p 18
N10M301| 0.000 0.000 1.000 | 0.000 1.000 0.000 0.000 0.000 1.000 [ 1.000  0.000  0.000 0.000 0.000 1.000
NI10OM302| 0.000 1.000 0.000 0.000 1.000 0.000 0.000  1.000  0.000 0.000 0.500  0.500 0.000 1.000 0.000
N10M303 | 0.330 0.330 0.330 | 0.000  0.860 0.140 1.000  0.000 0.000 | 0430 029  0.290 0.000 0.430 0.570
N10M304 | 1.000 0.000 0.000 | 0.330  0.330 0.330 0.400  0.200 0.400 | 0.000  0.000 1.000 0.000 0.600 0.400
NIOM305 0.000 0.000 1.000 | 0350 0.300 0.350 0.300 0.250 0.450 | 0.000 0.000  1.000 0.150 0.450 0.400
NI10OM306| 0.500 0.080 0.420 | 0.330  0.330 0.330 0.420 0.000 0.580 | 0.000 0.420 0.580 0.330 0.330 0.330
NIOM307| 0.310 0.380 0310 | 0.080  0.460 0.460 0.460 0.000 0.540 | 0.000  0.000 1.000 0.330 0.330 0.330
NIOM308| 1.000 0.000 0.000 | 0.500  0.000 0.500 0.000 0.500 0.500 | 1.000  0.000 0.000 0.330 0.330 0.330
NIOM309| 0.370 0370 0.260 | 0.260  0.320 0.420 0.000 0.000 1.000 | 0.550 0.180 0.260 0.500 0.160 0.340
NIOM310| 0330 0.000 0.670 | 0.330  0.330 0.330 0.000 0.330 0.670 | 0.330  0.330  0.330 0.000 0.000 1.000
NI1OM311) 0.330 0330 0330 | 0.140 0430 0.430 0.430 0.290 0.290 | 0.000  0.000  1.000 0.330 0.330 0.330
NIOM312} 0.480 0.260 0.260 | 0320  0.550 0.130 0.420 0.100 0.480 | 0520 0.130 0.350 0.190 0.000 0.810
N10M313| 0.500 0.250 0.250 | 1.000  0.000 0.000 0.170  0.170 0.670 | 0420 0.170  0.420 0.000 0.000 1.000
N10M314| 1.000 0.000 0.000 | 0.330  0.330 0.330 0.000 0.000 1.000 | 0.000 0.000 1.000 0.000 0.000 1.000

Table 4.9 Sample of input and output pattern pairs.
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version of the simulation software package Arena (Kelton et al, 2002). This model is given in
Appendix B.

Randomly sclected problems from the training (data) set were tested using this Arena job
shop model for all the combinations of the three dispatching rules on the 5 machines. It was seen
that the simulation output from the Arena simulations matched the results from the C++ program.

Table 4.10 presents the different dispatching rules tested by the arena model for the

performance objective of minimizing the makespan.

Arena 5-machine Job shop simulation Model

Dispatching rules Queue Ranking Rule Expression/Attribute
SPT Least Value First Processing time (Pijk)
LPT High Value First Processing time (Pijk)
Remaining time
n f.k=5
MWKR High Value First ’
Z( Z (Pi.ik) - (Pi(i-l)k )}
i=1 \_j.k=1

Table 4.10 Attributes used in job shop Arena model.

4.3.6 Data sorting

As seen in Table 4.9, several of the output patterns show that more than one dispatching rule
is favored on one or more of the machines. This arises when there exists more than one
combination of dispatching rules that produce the lowest makespan. For example, in data set
N10M306, in Table 4.9, the three output units for machine 2 show equal values of 0.330. This
indicates that all three dispatching rules appear with equal frequencies in the multiple
combinations that yield minimum makespan for this problem. Using data from a problem such as
this to train a network is not helpful because it introduces conflicting information and prevents the
network from detecting the useful relationships between input data and optimal outputs. Therefore,

if the network is trained without sorting and screening the input data, then chances are that the
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network will not learn properly and may not select the best dispatching rules. The sorting 1s done
conveniently, using Structure Query Language (SQL).

SQL has the capabilities to sort the data considering multiple criteria at a time. In this case
there are 3 outputs for each machine. There are two different sorting critenia considered:

A sorting index of 5 identifies the problem whose output units for all the five machines is
either (1,0,0), (0,1,0,) or (0,0,1). For example referring to the problem number N10M30] of Table
4.9 the output value of each machine satisfies the sorting criteria for a sorting index of 5.

A sorting index of 4 identifies the problem whose output units for any four out of the five
machines is either (1,0,0), (0,1,0,) or (0,0,1). For the remaining machine the value of the output
unit is treated as zero while sorting; resulting in the sum of sorting index as 4. For example, for the
problem number N10M302 of Table 4.9 the sorting index is 4 because four out of the five
machines satisfy the sorting criteria. Likewise the patterns can be sorted for sorting indices of 3, 2,
1 and 0.

The data 1s sorted in the descending order having the maximum sorting index (5 in this
case). The sorting procedure is illustrated in Table 4.11, after the same patterns of Table 4.9 are
sorted. The first column in the target output patterns of Table 4.11 lists the sorting index for each
prob]em; The number of outputs (equivalent to the sorting index) satisfied by the respective
problems is highlighted in Table 4.11.

For all of the 7500 training problems (as explained in section 4.3.4) data are sorted
simultaneously. For training the network it is not advisable to use only data whose sorting index is
5. This is because many problems exhibit multiple optimal combinations, and to help the network

deal with such cases it is a good idea to incorporate some data having characteristics where more
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Data Set Total Processing time Varita'ncc of Processing time Mean Routing order
Numbers |Input 1 Input2 Input3 Inputd Input5 | Input6 Input7  Input8 Input9 Input 10 |Input 11 Input12 Input 13 Input 14 Input 15
NIOM301 | 050 071  0.80  0.93 1.00 0.75 0.98 0.51 1.00 0.46 0.46 0.60 0.76 0.60 0.58
NIOM302 | 092 1.00 087 090  0.88 0.32 1.00 0.67 0.55 0.59 | "0.48 0.72 0.46 0.80 0.54
NIOM314| 075 035 100 067  0.72 0.64 1.00 0.58 0.54 0.42 0.68 0.36 0.50 0.58 0.88
NIOM304 | 071 054 057  0.86 1.00 0.70 0.79 1.00 0.89 0.88 0.36 0.66 0.50 0.76 0.72
NIOM30S | 1.00  0.88  0.63 094  0.82 0.74 0.97 1.00 0.60 0.77 0.32 0.60 0.60 0.76 0.72
NIOM308 | 0.53 038 097  1.00 048 0.43 0.47 0.22 1.00 0.37 0.52 0.64 0.62 0.66 0.56
NIOM313 | 048  1.00 084 084 053 0.76 0.77 0.39 0.44 1.00 0.48 0.88 0.52 0.32 0.80
N1OM303 | 0.87 087 100 098  0.40 0.48 0.69 0.63 0.58 1.00 0.46 0.60 0.78 0.44 0.72
NIOM307 | 0.84 074  1.00 055  0.63 0.88 0.77 0.84 0.84 1.00 0.72 0.68 0.50 0.54 0.56
NIOM309 ! 1.00 066 081 063 091 0.76 0.61 1.00 0.47 0.52 0.62 0.72 0.3% 0.74 0.54
NIOM310| 052 078 095  1.00 063 0.20 0.68 0.70 1.00 0.71 0.68 0.60 0.64 0.44 0.64
NIOM3IT [ 066 075  1.00 094  0.93 1.00 0.48 0.69 0.55 0.96 0.52 0.56 0.76 0.60 0.56
N1OM306 | 0.80 095 079 057  1.00 0.88 0.15 0.51 1.00  0.64 0.66 0.54 0.60 0.54 0.66
NIOM312| 075 066  0.61 096  1.00 1.00 0.85 0.72 0.84 0.77 0.30 0.76 0.68 0.68 058
. Target Output Pattcrns
Sorting| Data Set ~ Machinel Machine2 Machine3 Machined Machine$ o
Index | Number | o/pl  o/p2  o/p3 | o/pd  ofp$ o/p 6 olp7 o/p 8§ op9 | o/pl0  o/pll ofpl2 | o/pld o/pld o/p I$
s [NTOM3011 0000 0000 ¥1.0007] 0.000 BL000E 0.000 0.000  0.000 FHU00%|SEO005 0.000  0.000 | 0000  0.000 *1.000
4 |[NIOM302 F1.000- 0.000 | 0.000 B5T:0007%  0.000 0.000 L0000 0.000  0.500  0.500 | 0,000 FI000% 0.000
4 |N1OM314 [TRO00% 0.000  0.000 | 0.330 0330  0.330 0.000 BT000%| 0.000  0.000 EL000F| 0.000  0.000 FFEH00
2 |Ntom304 [310005 0.000 0.000 | 0.330 0330 0.330 0400 0200 0.400 | 0.000  0.000 0.000 0600  0.400
2 {N1OM305| 0.000 0.000 * 1,000 | 0350 0300  0.350 0300  0.250 0.000 0.150  0.450 0400
2 IN10M308 [SN00B% 0.000  0.000 | 0.500  0.000  0.500 0.000  0.500 10007 0.000 0.330 0330 0330
2 |NIOM313] 0.500 0.250 SHO00% 0.000  0.000 0.170 0.170  0.670 | 0.420 0.170  0.420 | 0.000  0.000 FZ1,600
1 |N10M303| 0330  0.330 0.860  0.140 [ET000%% 0.000  0.000 | 0430 0290 0290 | 0.000  0.430
1 |NIOM307| 0310  0.380 0460  0.460 0.460 0.000 FADODE| 0330  0.330
1 |NIOM309} 0370 0.370 0.320  0.420 0.000 0.180 0260 | 0.500  0.160 0340
1 |(NIOM310| 0330 0.000 0.670 | 0.330 0330  0.330 0.000 0330 0.670 | 0.330  0.330 0330 | 0.000 0.000 *%Y,000
1 [NIOM31t] 0330 0330 0330 [ 0.140 0430 0430 0430 0290 0.200 | 0.000 0.000 Z81:000%( 0330 0330 0330
0 [NIOM306] 0.500 0.080 0.420 | 0.330 0330  0.330 0420  0.000  0.580 | 0.000  0.420 0330 0330 0330
0 [N1OM312] 0480 0260 0.260 | 0.320 0.550  0.130 0.420  0.100 0.480 | 0.520 0.130 0350 | 0.190 0.000 ORI

Table 4.11 Input and output patterns of Table 4.9 after sorting.
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than one dispatching rules is favored by one of the machines. This will help the network
10 lean the stronger relationships between input and output pattems. On the other hand,
using patterns with lower sorting indices could hamper the leaming. Therefore, it was
decided to incorporate only those patterns with sorting indices 4 and above for the
training. Thus, ignoring all the data having a sorting index of less than 4. the result is a
2494 training data set extracted from the 7500 original problems for training the neural

network.

4.4 Design of Neural Network

Once the pre-processing (sorting) of the data is done, the next step 1s 10 train the

neural network. However, the final number of units for the hidden layer still needs to be

decided.

4.4.1 Hidden Layer

The hidden layer is mainly required to overcome the non-linear leaming problem. It
is also where the network learns interdependencies in the model. Figure 4.3 provides
some detail into what goes on inside a hidden node. Neurons of the hidden layer receive
inputs from neurons of the input layer, depending on the sum of the input weights that
produce an output. The output is then further transferred to units of the output layer.

Garson, (1998) states that “if the problem has a linear solution then it may not be
approprate to use hidden layers. In theory, a neural network with at least one layer and
adequate number of hidden units is capable of solving most problems. However, in

practice one or more layers may be used depending on the complexity of a problem (such
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‘ F() = XT'W1+X2°W2+ . +Xn"Wn

F‘(l) = nonlinear function of F (1)

Xn

Fig. 4.3 Details of a hidden node

as complicated function fitting problems) and cost and resources. As the number of
hidden layers increase, the meaningfulness of the back propagated error term decreases.
Moreover, the training time increases by an order of the magnitude for each additional

hidden layer.” Thus, considering all the above-mentioned factors, only one hidden layer

is considered for building the neural network.

4.4.2 Hidden Units (neurons)

In most situations, there is no magic formula that finds the best number of hidden
units without training several networks and estimating the generalization error of each. If
only a few hidden units are considered, then the network may not train well because the
model lacks sufficient complexity to réﬂect input-output patterns in the training set. On
the other hand, if too many hidden units are used, then the network may overtrain and
generélization will suffer as the network simply memorizes the input-output patterns in
the training set.

Some researchers have developed a heuristic approach to determine the best

number of hidden neurons, (Smith, 1999). Two examples of these are the following:
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e If the input patterns are of dimension N and the output of K neurons, then the number

of hidden layers would be J = v NxK neurons.

e Another approximation 1sJ = ]E( N+K)+ JP, where P is the number of patterns in

the training set. This is the default formula used in the commercial neural network

package Neuroshell 2.

e On the other hand (Baily and Thompson, (1990)) suggest that the number of hidden
neurons in a three layer neural network, which include input, output and hidden layers

should be 75% of the number of neurons in the input layer.

Most of the above heuristics are based on the assumptions that the training set 1is at
least twice as large as the number of weights and preferably at least four or more times
larger than the number of weights. 1f the same is not the case, then the number of hidden
neurons will be affected by the number of training sets. Moreover, there are some other
factors like the amount of noise in the test pattemns, the complexity of the function or
classification to be learned, the architecture, etc. that will also have impact on the number
of hidden neurons. A tnal and error approach is often taken starting with a modest
number of hidden neurons and gradually increasing this number until the network fails to

reduce its error Kaastra and Boyd, (1996) and Garson, (1999). This last approach is the

one adopted in this study for determining the number of units.

4.4.3 Training Stopping Criteria

A neural network is trained in epochs, where each epoch represents a complete pass

.of the training set through the network. When each training pattern is presented to the
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network, the error between the actual outputs in the training pattemn and the network's
predictions for cach of the network's outputs is computed. The total error for each pattern
is the sum of the squares of the differences. At the end of each epoch the average error
over all training patterns is computed. As the epochs progress and the training continues,
the network learning improves, i.e.., the error on the training and test sets decreases. For
the test set, however, there comes a point where the error in the test examples starts to
increase with additional training. While training a neural network, one expects to obtain a
network with optimal generalization performance. Thus, the question of when to end the
training 1s a critical one. There are different choices for stopping criteria for both training
and testing sets adopted from Neuroshell 2, which are based on:

The average error in the training set. End traimng when the lowest value for the

average error in the training set i1s reached.

e The largest average error in the training set. This is the network's latest computation
for the difference between the network's predictions and the actual predictions for

data in the training set.

o The events since the minimum average error in the testing set. An event is the

presentation of a single training pattern to the neural network.

Additionally, Neuroshell 2 offers two options about automatic saving of the training
based on:
e Best training set saves the network every time it reaches a new minimum average

error for the training set.

e  Best testing set saves the network every time it reaches a new minimum average

error for the test set.
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4.4 .4 Training Procedure

The following steps are used in order to achieve a generalization capability in the

performance of a trained neural network.

e Step I: Train the network with the training patterns and monitor the minimum
average crror. Once a new minimum average error is observed, then interrupt the

training. Save the neural weights and go to step 2.

e Step 2: Apply the partially trained network to the test set and compute the
performance measure (using the C++ program of Appendix A3). If the performance
measure (either total makespan or total mean flowtime) is improved upon from the

previous trial, then return to step 1. Otherwise proceed to step 3.

e Sitep 3: Save the current weights as a final trained network.

4.4.5 To Find optimal number of Hidden neurons (units)

In order to find the best number of hidden neurons, a trial and error approach is
carried out involving 6 to 18 hidden neurons using the above-mentioned training stopping
criteria. The smallest number represents too few and the highest number too many hidden
neurons. The training trials were done using the commercial software “Neuroshell 2, and
with the parameters listed in Appendix C1.

A new set of 1200 randomly generated test problems (having random seeds
different than the training data set) were used. The original 2494 training patterns (as
explained in the section 4.3.6) are considered for training. The objective is to find the size

of the hidden layer that minimizes the obtained h]akespan for the test set (refer step 2 of
the training procedure).
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Once the training is completed the test job shop problems are run (using the C++
program of Appendix A3) to see how accurately the neural network has assigned the
prionity rules. The neural network’s final performance for each trial with a different
number of hidden neurons is tabulated in Table 4.12, which expresses the BPNN results

in terms of the total makespans of the test set problems. This is further illustrated

graphically in Figure 4.4.

Experiment Number of Total Minimum
Number | Hidden Neurons | Makespan | Average Error
1 6 1398179 1.447
2 8 1394552 1.456
3 9 1393378 1.437
4 10 1395058 1.439
b) 15 1397199 1.457
6 18 1397533 1.482
Table 4.12 Total makespan using BPNN with various number of hidden neurons.
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Fig.4.4 Effect of number of hidden neuron on the minimum average error for makespan.

When the number of hidden neurons is small, the corresponding minimum average
error (see section 4.4.3) is also Jow. However, the BPNN results are not the best. Figure
4.3 shows that the BPNN performs best, and the minimum average error is Jowest when
the number of hidden neurons is 9. With a higher number of hidden neurons, the network
appears to memorize rather than learn the patterns. So, the chosen network has a 15-9-15
structure. The next section explains in greater detail the training of the 15-9-15 network.
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It is noteworthy that the same training process, training data and parameters described in
the next section were also used in the trials to determine the number of hidden neurons,

presented in Table 4.12.

4.5 Training the BPNN

A total of 2494 training patterns extracted from problem instances combining n=10,
15, 20 for the five machines is considered for training the network. Similarly, a test data
set of 1200 problems with the same combinations of n as the training set 1s generated
separately. As explained in the preceding chapter, the default values of Neuroshell 2 for
training are a learning rate = 0.1, momentum = 0.1 and initial weights = 0.3. The training
was performed on AMD 900MHz Presario personal computer. The training 1s carried out
and the total of the makespans for the test set is recorded for every epoch that produces
further reduction in the minimum average error (see section 4.4.3). The training results
are tabulated as shown in Table 4.13. The training procedure is extended from
generalization test number 9 to 16 (refer to the first column of Table 4.13) in order to
observe the behavior of the neural network on the test set, if the training is continued
beyond a certain point. In other words, to observe what happens when the neural network
is over trained.

Figure 4.5 presents the behavior of the minimum average error on the training set
and the corresponding neural network results on the test set. It can be seen that as the
minimum average error is reduced, the BPNN results improve correspondingly up to a

certain point (generalization test number 8 in this case), beyond which the results start
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deteriorating. It 1s at this point that the network generalizes best, and no further

improvement is possible with continued training.

Generalization | Minimum lLeamming | Time BPNN
Test Average Error Epoch Event (Sec) Sugg;sled
] 1.5517 2 4988 3 1449074
2 1.5295 S 12470 & 1439644
3 1.4938 12 29928 17 1414140
4 1.4906 14 34916 19 1410225
5 1.4760 18 44892 25 1409133
6 1.4711 21 52374 30 1400621
7 1.4558 23 57362 33 1403802
8 1.4372 38 92278 52 1393378
9 1.4358 46 114724 65 1398482
10 1.4336 50 124700 70 1399688
11 1.4238 75 187050 105 1398570
12 1.4196 80 199520 113 1400944
13 1.4051 148 369112 213 1401905
14 1.3890 214 533716 315 1405274
15 1.3857 407 1015058 583 1400672
16 1.3776 642 1601148 1002 1402333

Table 4.13 Training and generalization results for minimizing makespan.

4.6 Implementation

Once the training of the proposed network is completed, the next step is to see how well
the neural network performs in selecting dispatching rules. In order to explain how the *
neural network assigns a dispatching rule to each machine, an example of 20 jobs on 5
machines is given in Table 4.14. The above example data are converted to a neural
network input representation by following the procedure explained in section 4.3.2. The

resulting 15-unit input vector is given in Table 4.15.
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Job Routes Processing time
no
112 1 4 3 5 152 60 94 33 23
212 1 5 3 4 | 58 4] 20 34 57
315 4 3 1 2 151 77 33 74 37
415 2 4 3 1 46 34 92 62 53
515 4 3 ] 2 46 92 58 63 35
615 2 4 3 1 137 66 6] 29 55
715 2 4 3 ] 53 68 90 34 63
815 4 3 1 2 28 84 45 70 46
911 4 3 5 2 |68 87 42 49 32
105 2 4 3 1 122 53 92 46 50
1112 1 4 3 5 {61 67 64 24 53
1215 2 4 3 1 {26 57 63 32 76
1313 4 2 5 141 68 65 67 38
1412 4 3 S |36 37 95 47 45
I5{s 2 4 3 1 40 66 67 30 71
1672 1 5 3 4 |61 40 15 58 69
1713 4 2 5 {55 6] 91 59 14
1811 4 3 5 2 |65 84 52 38 67
1911 4 3 5 2 (42 82 26 16 32
202 1 4 3 S |51 45 80 45 51

Table 4.14 A 20-job example problem.
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Set No. ']"Ola']) Processing time Vanance of Processing time Mean routing order
Input 1 2 4 S 6 7 8 9 10 1] 12 13 14 15
N20FE1 0.74 065 052 1.0 045 0792 091 0.69 (.86 1 0.61 056 0.68 058 057
Table 4.15 Input vector for example problem of Table 4.14. .
A trained nctwork generates output in response to the data vector presented to it at
the input layer. When the input vector of Table 4.15 is introduced to the BPNN, which
has been just been trained for the minimization of makespan. a feed forward set of
computations produces the output vector given in Table 4.16.
Machinel Machine2 Machine3 Machined Machine5
Jutput | 1 2 3 4 5 6 7 3 9 10 11 12 13 14 15
SPT | LPT |MWKR | SPT } LPT [MWKR} SPT |LPT |MWKR| SPT | LPT IMWKR| SPT | LPT |[MWKR
BPNN {0.332/0.206] 0.449 (0.462]0.117[ 0.411 }0.296 [0.394| 0.266 [0.25%|0.062] 0.694 | 0.507 {0.228 0.229

Table 4.16 BPNN output for an example problem of Table 4.14.

The maximum value in each set of 3 units associated with each machine is

identified. The dispatching rule corresponding to those units (highlighted in the Table

4.16) is then assigned to the machines. In the above example, the neural network’s choice

for the first machine is MWKR; the second machine is SPT; the third machine is LPT;

the fourth machine is MWKR; and the last machine is SPT. Applying this allocation of

dispatching rules, the makespan for the problem is found to be 1652. This compares to a

minimum makespan of 1628 for the optimal rule combination of SPT-SPT-LPT-MWKR-

SPT applied on machines 1 to 5 respectively. The neural network’s suggested

combination of dispatchiné rules deviates from the optimal combination only for the first

machine, where instead of SPT, the BPNN applies MWKR. Moreover, if all the machines

use only a single rule for all machines (either SPT, LPT or MWKR), then the resulting

makespans are 1720, 1699, and 1651 respectively.
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4.7 BPNN model for minimizing mean flowtime cri_teria

For the performance criterion of minimizing the mean flowtime, a BPNN modei 1S
constructed by the same methodology as used for minimizing makespan. The only
difference however, lies in the 3 dispatching rules, where SPT, PT+WINQ and LWKR
are considered for the flowtime objective. This is because past research shows that all
these rules are cffective in minimizing mean flowtime (Waikar et al, 1995 and Rajender
and Holthaus. 1999).

In order 1o find an optimal number of hidden neurons, some modification was done
in the step used for the makespan BPNN. A total of 2636 training patterns were extracted
from problems of n=10, 15 and 20. The same 1200 test data set used for makespan was
also used in the flowtime case. The NN parameters used for finding optimal number of
hidden neurons 1s given in Appendix C2.

Table 4.17 represents neural network results for seven different numbers of hidden
neurons and Figure 4.6 depicts the effect of the number of different hidden neurons on
the neural network and the minimum average error. Hence, the network used for

minimizing the mean flowtime has a 15-20-15 structure.

Experiment | Number of Total Mean Minimum

Number |Hidden Neurons| Flowtime | Average Error

] 10 873181.62 1.700

2 15 872529.56 1.671

3 17 87225431 1.668

4 18 871955 1.641

5 19 871687.81 1.659
6 20 87166931 | 1594 ©

7 25 871967.44 1.655

Table 4.17 Total mean flowtimes for BPNN with various numbers of hidden neurons.
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Fig. 4.6 Effect of number of hidden neurons on the minimum average error for mean flowtime.

In order illustrate how the trained network selects dispatching rules to minimize
flowtime, the same example problem of Table 4.14 is considered. The input vector is the
same; however, the output vector represents different rules. Output resulting from the
feed forward processing induced by the application of input vector of table 3.16 to the

BPNN (15-20-15) trained for flowtime minimization is given in Table 4.18.

Output Machinel Machine2 Machine3 Machined Machined
DR WINQ WINQ WINQ WINQ WINQ

spT | +PT ILWKR| SPT |+PT |LWKR|SPT | +PT |LWKR|SPT | +PT |LWKR| SPT +PT_|LWKR
Output[0.167] 0.070 10.737 |0.014]0.150 | 0.776 ]0.216 0.239 | 0.556 |0.956| 0.0 ] 0.041 ) 0.07 ) 0.228 | 0.708

Table 4.18 Mean flowtime BPNN optimal example problem of Table 4.14.
The above neural network’s recommendations (highlighted in the Table 4.18) are
LWKR for the first, second and third machines, SPT for the fourth machine and LWKR
for the last machine. This combination results in a mean flowtime of 936.65, which
compares 10 a possible minimum of 921 45. The neural network’s suggested combination
of dispatching rule deviates from the optimal combination only for the last machine,
where instead of WINQ+PT, the BPNN suggests LWXKR. On the other hand, if all the
machines applied only one of SPT, WINQ+PT or LWKR dispatching rules on all the

machines, then the mean flowtimes are 989.95, 1031.55, and 952.85 respectively.
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In this chapter, a detailed description of the design of BPNN for two different
performance criteria is described. For the makespan, a BPNN model of 15-9-15 was
designed and for the mean flowtime a BPNN model of 15-20-15. For both the
performance criteria, the trained network suggested a combination of dispatching rules
that were reasonably close to the optimal combinations. The next chapter will test the
generalization capabilities of both trained networks for problems with the number of jobs

ranging between a minimum of 10 to 2 maximum of 100 jobs.
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CHAPTER 5

Analysis and Discussion

In this chapter, the generalization capability of the BPNN and its effectiveness in
providing results to new problems (unseen during the neural network’s training) will be
examined for the performance objectives of minimizing makespan and mean flowtime.

This will be followed by a discussion on the results and an analysis of variance.

5.1 Analysis of Trained Neural Network

Once the training of the neural network as explained in the previous chapter is
completed, 1t is necessary to test how well the neural network’s suggested combination of

dispatching rules perform in new problems.

5.1.1 Neural Network Weights

The trained neural network holds its knowledge in the weights between the nodes.
The final weights from the training process using Neuroshell 2 (as explained in the
section 4.4.4) are provided in Appendix D1 and D2 for the makespan and mean flowtime

networks respectively.

5.2 Test Problems

A total of fourteen different sets of new problems with the job numbers (n) ranging

from 10 to 100 jobs is created using the same parameters used for the testing sets in the
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previous chapter. Each set contains fifty test problems generated randomly using different
random seeds for each different category of n. Altogether, 700 problems are generated

using the C program of Appendix A4.

5.3 Test Results for Minimizing Makespan

Once the generation of the various problems is completed as mentioned above, the
next step is 1o obtain and compare the total makespan in each set. Each set of fifty
problems is tested 4 times. In the first trial, the SPT rule is applied on all five machines
and the total makespan is recorded. In the second and third trials, the LPT and MWKR
rules are tested respectively, in a similar fashion. Finally, the BPNN 15 used in the fourth
trial to select dispatching rule combinations for the test problems. The BPNN generates
the preferred dispatching rule for each machine by feed forward processing identical to
that described for the example problem in section 4.7.

Table 5.1 presents the total of the makespans in each of the trials for all 14 sets of
test problems. In order to evaluate how well the neural network’s (BPNN) suggested
combination of dispatching rules performs, a comparison with the makespans produced
by optimal combinations of the dispatching rules is also presented in Table 5.1.

As can be seen from the results of Table 5.1, the trained neural network generates
better total makespan results as comparéd to using the same dispatching rule on all the
machines. Furthermore, the percemage’ deviation of the neural network (BPNN) results

from the optimal is close.

Deviation is calculated by using equation 5.1. The deviation of BPNN from

optimal results ranged from a minimum of 0.3% to a maximum of 3.0%.
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‘TCSI Dispatching rule (ime units) Deviation (%)
Set no. n SPT LPT MWKR BPNN | Optimal Resulis| (Eq. No. 5.1)
1 10 41317 42962 38565 38460 37337 3.008
2 15 60826 62951 58414 57405 55987 2.533
3 20 76971 80075 74785 73939 72498 1.988
4 25 94894 98384 92800 91082 90547 0.591
5 30 112434  116351] 110828 109676 107831 1.71]

6 35 131193 133983 128464 127539 126307 0.975
7 40 143277 146885 141227 139827 138829 0.719
L8 45 165143 169518 163726 162822 160345 1.545

9 50 180936 186490 179384 177479 176721 0.429

10 55 204696 209076 203679 201029 199326 0.854

1 60 220154 223899 217278 215592 214898 0.323

12 75 274736 277632 275343 271626 268818 1.045

13 85 307177 313202 307296 304342 303392 0.313

14 100 356962 361673 355889 353841 352714 0.320

Table 5.1 Summary of total makespan in sets of 50 test problem for various n.

(BPNN — OPTIMAL) |

Deviation (%)=
OPTIMAL

100 el (5.1)

As a sample, results for all the 50 problems of test set no. 9 (n=50) are presented
in Table 5.2. These results show that there is not much difference between the neural
network’s performance and the optimal combination of dispatching rules, as further
illustrated in Figure 5.1. The neural network achieved optimal results in 80% of the test
problems and deviated by an average of 2.1 % from the optimal in the rest. For
comparison SPT, LPT and MWKR matched the optimal result in 14%, 35% and 4%
respectively of the test problems. Similar comparisons between optimal and BPNN

results for individual problems in the other thirteen sets are attached in the Appendix E1.

5.4 Test Results for Minimizing Mean Flowtime

The same sets of test problems used for testing the makespan are also used for
testing the generalization capability and the effectiveness of the neural network that has
been trained to minimize mean flowtime. This neural network is tested in the same

manner as the previous network used for testing makespan. In the first three trials each
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Data set|  ispatching rule (ime units) Dataset| -Dispatching rule (time units)

No. | SPT 1PT MWKR BPNN| Optmal No. SPT LPT MWKR BPNN | Optimal
SONT | 2087 21K] 2087 2087 2087 50N26 | 3017 3224 3190 2993 2993
50N2 | 3358 3379 3355 3239 3234 50N27 | 3971 3999  38&1 3881 3881
SON3 | 2517 2669 2449 2449 2449 SON28 | 3406 3322 3189 3189 3189
50N4 | 3520 357] 3508 3508 3508 S0N29 | 3654 3614 3540 3540 3540
SONS | 3719 3774 3677 3677 36717 50N30 | 4119 4154 3986 3986 3986
SON6 | 3805 3754 3754 3754 3754 SON371 | 3548 3648 3503 3503 3503
S50N7 | 3427 3569 3406 3406 34006 50N32 | 3911 4014 3874 3874 3874
50N8 | 3748 3769 3620 3620 3620 50N33 | 3632 3629 3482 3482 3482
S0N9 | 4349 4743 4134 4134 4134 50N34 | 3821 4106 4035 3920 3689
S0N10 | 3954 3957 3856 3856 3856 S50N35| 3887 3994 3885 3885 3856
S50N117 3759 3887 3739 3584 3568 50N36 | 3324 335} 3221 3183 3183
50N12| 3144 3360 3143 3143 3055 50N37| 3946 3982 3774 3774 3774
S50N13 [ 3138 3321 3104 3104 3104 50N38 | 3317 3551 3325 3287 3287
S50N141 3993 4043 4001 4001 3993 50N39 | 4049 4159 3946 3946 3946
S50NI151 3814 4025 4115 3865 3645 50N40 | 3849 3994 3845 3845 3845
SON16 | 3952 4152 4002 3952 3952 50N41 | 3433 3562 3515 3462 3433

50N17 1 3546 3919 3635 3546 3546 50N42 | 3688 3799 3683 3683 3683
S0N18 {4029 4214 3835 3835 3835 50N43 | 3740 3828 3590 3590 3590
SONI19 | 3612 3826 3572 3572 3572 50N44 1 3720 3814 3960 3699 3601
50N20 | 3248 3396 3163 3163 3163 50N45 | 3940 3917 3798 3798 3798
SON2113713 3705 3566 3566 3566 50N46 | 3516 3408 3408 3408 3408
SON22{ 3534 3626 3409 3409 3409 50N47 [ 3331 3379 3263 3263 3263
SON23 | 345] 3558 3451 345] 3451 50N48 | 3862 3876 3719 3719 3719
50N24 1 3751 4017 3743 3743 3743 50N49 | 3313 3419 3156 3156 3156
SO0N251 4037 4080 3978 3978 3978 50N50 | 3737 4252 4314 3771 3737
Total |180936 186490 179384 177479 | 176721

Table 5.2 Results for individual problems for n=50 (set no. 9 in Table 5.1).
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Fig 5.1 BPNN makespan compared to makespans from optimal rule combinations for n=50.
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set 1s tested using SPT, WINQ+PT and LWKR respectively on all machines. BPNN is

tested in the fourth tral. The results (expressed as total of mean flowtime) are given in

Table 5.3.

Test Dispatching rule (time units) Deviation (%)
Set no. n SPT ~ WINQ+PT LWKR  BPNN | Optimal | (Eq.No.5.1)
1 10 274463 27596 268315 26889.2 | 26075.1 3322
2 15 37677.47  37709.07 36280.73 3619193} 345582 4.727
3 20 45734.46 4567621 4393594 43842.51 | 43053.48 1.833
4 25 55211.6  55025.8  52772.55 52316.51 { 51516.56 1.553
5 30 64106.99 6334539 60897.44 60255.63 | 59386.82 1.463
6 35 7432256  72803.34 70214.73 69623.42 | 68469.23 1.686
7 40 80264.66 78441.74  75373.9 74975.38 { 73573.33 1.906
8 45 9375433 90887.78 86977.52 86073.49 | 84897.65 1.385
9 50 101784.1 98259.69 94922.15 94021.89 | 92624.78 1.508
10 55 113800.9 109890.98 1061584 104845.4 |103785.08 1.022
il 60 1209139 11791674 113117.8 111846.1 {110364.75 1.342
12 75 149977.6 146410.08 139655.6 137759.3 {136286.26 1.081]
13 85 170545.7 162467.98 156726.2 154907.9 |152938.76 1.288
14 100 193658.7 188070.2 179319.3 176437.4 |174695.08 0.997

Table 5.3 Summary of total mean flowtime results of test sets consisting of 50 problems each.

Once again, the neural network results are better as compared to using either SPT,
WINQ+PT or LWKR common on all five machines. The network’s results deviate from
the optimal by an average of 1.74% (having a minimum of 1.0 to a maximum of 4.7%).
SPT, PT+WINQ and LWKR results deviate on average by 9.9%, 6.25% and 2.52 %
respectively from optimal results.

Similarly, results for all the 50 problems in test set no. 9 (n=50) are presented in
Table 5.4. Also, the comparison between BPNN and optimal mean flowtime is shown
graphically in Figure 5.2. It can‘be observed that BPNN achieves optimal results in 20%
of the problems, but deviates .by an average of 2.3% from optimum in the remainder.
Similar comparisons between optimal flowtimes and BPNN results for individual

problems in the other thirteen sets are attached in the Appendix E2.

66



Data Dispatching rule {time units) Data Dis_palching rule (uime units)
sel set
No. | SPT  WINO-PT LWKR BPNN |Optimal] No. SPT _WINQ+PT LWKR BPNN | Optimal |
50F111258.62 112634 11116 1111.6 [1092.82] 50F26 177432 1679.06 154098 154098 | 1540.9%
50F2 |1822.46 175334 175604 1700.62 |1680.32| S0F27 |2363.84 2250.56  2129.72  2129.72 | 2105.04
SOF3 (1442.54  137%4 134778 1347.78 [1272.62] S0F28 |1851.14 172836 166648 1715.28 | 1662.92
S0F4 | 2051.6 199276 18263 18263 (1810.28| SOF29 |1947.46 197744 1876.34 18145 | 1804.70
SOF5 | 20329 202058  1962.68 1985.78 [1930.58] 5S0F30 |2052.44 2139.38  2073.84  2006.34 | 2004.3%
S50F6 [ 2205 206204 201122 1928.54 (192002} S50F31 1 1917.3 1962.5 1810.08 177584 | 1775.84
5017 [1779.68  1%27.26 1749.02 1673.34 |1673.34| 50F32 [2280.92 2073.72 2086.36 226538 | 2070.3%
S0F8 |2192.38 19498 194128 1941.28 {1914.10| S0F33 |1852.84  1900.9 1897.68 1821.36 | 1810.70
50F9 1249136 2301.16 238874 2388.74 {2276.36| 50F34 |2115.08 202734  1994.06 1994.06 | 1942.26
50F10| 2022.3  19%7.08 196096 1878.02 [1877.92| S0F35 |2281.58  2254.2 2054.12  2054.12 | 2052.00
SOF11{2111.84 200424 197034 1975.08 |1952.14} 50F36 |1789.68 18544 172732 172732 | 1663.20
50F12/1701.34 1779.46 1637.22 163722 |1579.18| 50F37 [2082.58 209144  2040.54 1958.48 | 1958.4%
50F13|1801.34 165696 163882 1638.82 {1630.08{ SOF38 | 1961.8  1853.54  1772.26 1772.26 | 1720.42
S0F14]2254.12  2201.16  2160.08 2071.16 12071.16| 50F39 | 2150.] 2139.] 2153.04 2038.56 | 2033.08
50F15{2042.28 2055.64 1940.16 1940.16 |1886.16| 50F40 {2329.06 213448  2089.64 2089.64 | 2080.86
SOF16{2327.5 2147.8 2092.14 2134.22 [2062.82| 50F4]1 {2040.58 193946  1863.86 1863.86 | 1856.58
50F1742073.26 192246 187852 19358 |1871.161 50F42 1216228  2011.5 1990.16  1966.62 | 1966.62
SOF18(2326.98 223656 2066.92 2067.68 [2066.92} 50F43 | 2208.6  2020.3 .1956.88 1981.08 | 1946.96
50F19)2121.58 1973.62 196284 1962.84 |1926.58| 50F44 |2138.88 2041.98 1982.9 1982.9 | 1982.90
50F20]1847.28 1929.04 169508 1651.9 [1651.90| 50F45 |2351.62 2151.16 2042 2045.08 | 2016.58
50F2112062.26 1979.3 1884.82 18573 [1857.30| 50F46 |1921.72 1867.52 181236 1830.46 | 1798.40
50F22|1796.18 1902.14 1837.14 1730.46 |1729.62| S0F47 | 1858.82  1884.4 1745.54 1688.36 | 1681.46
50F23(1916.54 1930.78 1873.16 1727.46 |1727.46] S0F48 |2229.18 205136  1984.04 2011 1972.10
50F24| 2302  2102.06 2088.08 2088.08 {2060.26] 50F49 |1799.56  1677.2 1708.88 1669.98 | 1642.24
S50F25(2214.38 221234 2125.26 2055.04 (2055.04} S0F50 212522 2136.08 2016.88 2023.5 | 1959.56
Total [101784.1 98259.69 94922.15 94021.89 | 92624.78

Table 5.4 Mean flowtime for individual test problems for n=50 (set no. 9 in Table 5.3).
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5.5 Further Discussion on Results

Computatonal results from Table 5.1 and Appendix E1 indicate that the trained
neural network has the capability of selecting an appropriate combination of dispatching
rules in more than 75% of all the 700 problem instances for the performance criterion of
minimizing makespan. Moreover, the neural network provides the required result more
quickly as compared to enumerating all possible combinations. Further, the efficacy of
the proposed neural network approach to find the best combination of dispatching rules
does not significantly decrease as the number of jobs increase. Figure 5.3 compares
BPNN results with the total makespan of the optimal combinations carried out for the
various number of jobs (n) (ranging from a minimum of 10 1o a maximum 100) for a 5-
machine job shop. It can be seen that BPNN performed consistently better than the three
other dispatching rules for all .

Figure. 5.3 portrays that, as the number of jobs increases, the difference between
BPNN and other dispatching rules decreases (particularly in the case with SPT). This
explains SPT’s improved performance under higher shop congestion levels; however, this
does not imply that the trained network is weakening. In case of SPT, the job with the
smallest processing time is given preference over other jobs so that the amount of time
and the number of jobs waiting in the queue are reduced. and thus the desired objective of
minimizing makespan is achieved well.

Further observations from Figure 5.3 show that, as the number of jobs increases,
SPT also improves in comparison to MWKR. This is because jobs with a larger total
remaining processing time may be waiting in queue for a longer time as compared to the

jobs with the smallest processing time when SPT is used. Also, the neural network can be
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seen as gradually losing its advantage for the larger number of jobs due to the improved
performance of SPT for larger n.

For the performance objective of minimizing the mean flowtime, a study is
carried out using the results from Table 5.3. The difference between optimal and BPNN
mean flowtime for the number of jobs (n) ranging from a minimum of 10 to a maximum
of 100 is presented in Figure 5.4 (on the next page).

It is evident from Figure 5.4 that the neural network’s effectiveness 1s still
maintained for large size problems. It is also observed that LWKR works well for both
small and large size problems. However, the trained neural network proves that a
combination of three competing dispatching rules in the job shop generate better mean
flowtime for both small and large size problems. It is also evident from this study that the
neural network is fairly consistent while others tend to improve only when n gets bigger.

From Figures 5.3 and 5.4 there is some indication that MWKR (for makespan
minimization) and LWKR (for flowtime minimization) become more competitive with
respect to the BPNN as n grows large. Therefore, it 1s of interest to determine whether the
difference between these dispatching rules and BPNN is significantly different in job
shops processing a large number of jobs. This is done by means of ANOVA for the

results from the largest problems tested, the 100-job problems.

5.6 Analysis Of Variance (AN.OVA)

The trained neural network is tested with different sets of jobs. It is desirable to test
the significance in the difference between the observed results. The technique used on the

post-trained neural network is a one factor ANOVA where a comparison of all means is
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done separately for the two objectives of minimizing makespan and mean flowtime. This
means 1o formulate a hypothesis test and to decide whether or not there is sufficient

evidence 10 reject a null hypothesis that there is no significant difference between the

means.

While designing the experiment, the objective was to compare the performances of
dispatching rules, which includes either single or a combination of dispatching rules. The
“ between dispatching rules” source of variation, which may be assumed to be due to
changes in dispatching rules or a combination of dispatching rules, is of a different kind

from that due to sampling and analytical errors. Following are the assumptions

considered while carrying out the one factor ANOVA.

5.6.1 Assumptions
e The population from which the samples obtained are normally distributed.

e The populations have the same standard deviation (o).

5.6.2 Data Representation

In this case, there are four different treatments (K=4), the first three representing
different dispatching rules and the fourth one representing a neural combination of
dispatching rules. Consider 10 different random samples. Each sample is composed of 50

problems for n=100 (as explained previously in section 5.6). Each entry is categorized as

a value of Xij s which is the average makespan or flowtime on the j' individual problem

taken from ith sample.
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5.6.3 General Logic - Analysis Of Varniance

In analysis of variance, between-group variance (difference between treatments) is
tested for dissimilarity from within group varnance. If the null hypothesis is true, both the
above-mentioned variances are about the same, and all the variation can be attributed to
random variation. On the other hand. if the between-group variance in comparison to the
within-group is larger, then chances are that the samples do not come from populations
with equal means. Together, the within-group and between-group variations are the two
sources that contribute to the total variation. F is a statistic that represents ratio of two
varances:

_ Between - group Variance

} we . (5.2)
ratio Within - group Variance

If the group means are equal, then F will equal 1.0 and the null hypothesis can be
accepted. However, when the sample means are different, the difference can be attributed
to the effect of the independent variable plus the sampling error. Thus,

_ Effect of independent variable+ Sampling error
Fratio ™

(5.3)

Sampling error

5.6.4 ANOVA Calculations

A one-way ANOVA studies the effect of a single independent variable on a
dependent variable. The computational formula for the F, . involves the sum of
squares, which is the sum of squared deviations around the mean. There are two sum of
squares that are considered: (1) the total of the sum of squares within the groups (SS;ow);
this 1s based on the deviation between each observation and /\T ., and (2) the sum of

squares for the group mean relative to the grand mean (SSroup). Thus,
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2
(a) SSi = 2X2 - (ZTX)

(5.4)
(b) (Ssgmup) = Z"j (Z - I;_)} (5.5)
Where, X isthe grand mean.
X_j_ 1s the group mean.
(c) The total variance is composed of SS,0up & SSeror. SO that
SSermor= SSiotal - SSgroup (5.6)

Next 1s the computation of mean square obtained by dividing the sum of the

squared deviations by the degrees of freedom. Thus,

SSgroup

(d) MSgroup = dfgroup ceee (5.7)
SSCITOT .

(e) MSermor = dferror o (5'8)

The degrees of freedom are:
(f) dfgroup= K — 1 degrees of freedom between groups.
(g) df ol = N -1 degrees of freedom within groups.

(h) dferor = N-K

The F. statistic is the ratio of the group mean square to the mean square error.

s

Thus,

F. = MS group

(5.9)
MSerror
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5.6.5 Hypothesis

For the one factor ANOVA the null hypothesis is that the population means (u) are
equal, which is stated as follows:

Ho: oy = == p.

And the alternative hypothesis 1s:

H;: At least two means are significantly different.

There are several alternative ways in which the null hypothesis may be false. For
example, only pj # py or p3 # pgorall four population means are unequal, and so on.
The alternative hypothesis does not distinguish among these various possibilities, but

rather asserts that a relationship exists between the independent and dependent variables

such that the population means are not equal.

5.7 ANOVA Results For Makespan

The experiment is carried out with 10 samples, each sample consisting of fifty
100-job problems. Thus, 500 problems are considered for this experiment. Table 5.5
presents the average makespan in each of the samples, where three independent
dispatching rules are applied exclusively, along with the combination of dispatching rules
suggested by the neural network (BPNN),

The ANOVA is performed using the single factor ANOVA function in Microsoft
Excel with a level of significance o = 0.05. Table 5.6 displays the ANOVA results.

From the above results, the F, statistic, F > Fg 534 , and therefore the null
hypotheses Hg can be rejected. It may be concluded that a significant difference exists

among the dispatching rules for the performance objective of minimizing makespan.
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Sample No.| SPT LPT MWKR | BPNN
1 71331 724774 | 714252 | 7082.22
2 7236.66 | 733636 | 728896 | 7218.8%
3 719048 | 731094 | 7230.04 | 714434
4 7247.64 § 73773 | 7246.56 | 7202.06
5 7100.54 | 7246.58 | 723824 | 7116.42
6 7090.24 | 7234.74 | 7202.48 | 7082.54
7 725736 | 736754 | 723196 | 7185.02
8 715724 | 7237.14 | 7197.3 7116.6
9 722822 | 7369.08 | 7232.66 | 716582
10 718888 | 731296 | 723138 | 7172.62

Table 5.5 Experimental data for ANOVA (average makespan).

SUMMARY
Groups Coumt Sum Average Variance
SPT 10 7183036 | 7183.036 | 3697.794649
LPT 10 73040.38 | 7304.038 | 3394.51995]
MWKR 10 72242.1 7224.2] 1441.709533
BPNN 10 71486.52 7148.652 | 2316.11735]
ANOVA
Source of SS d MS F P-value F crit
Variauon
Bé‘wee:‘ 134363.4292 3 44787.80973 | 16.51141962 | 6.5068E-07 | 2.866265447
roups
Within 1 9765127336 | 36 | 2712.535371
Groups
Total 232014.7026 39

Table 5.6 ANOVA results for the performance objective of minimizing makespan.

However, it is still unknown which rules are significantly different from the others.
Therefore, a multiple comparison procedure using Fisher’s Least Significant Difference
(LSD) method (also referred to as the protected t-test) is carried out to compare two
group means simultaneously. This tests the significant difference between the means. The

formula for the LSD procedure 1s:

(5.10)

Where x,,x, =mean for groupl and group 2 respectively.

MSerror = mean square within groups (from ANOVA result).
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n,. n, - Sample sizes for groupl and 2.

In this case BPNN results are compared with the results of all three different

dispatching rules and the computation of Fisher’s LSD is presented in Table 5.7

BPNN SPT LPT _MWKR
Mean ¥, = 7148.652 V. =7183.036 ¥, =7304.038 y, =7224.21
Sample size ny =10 ‘n2=10 ny =10 n,=10
MSerror 2712.535371
Pairs Calculation of protected t

(7148.652 — 7183.036)

. 1= =-1.476
BPRDL e 2+2712.535
10

(7148.652 - 7304.38)

. 1= =-6.671
B [2%2712.535
10
(7148.652 - 7224.21)
BPNN and = =-3.244

MWKR [2%2712.535
\ 10

Table 5.7 LSD calculations for the minimization of makespan experiment.

The cntical value for t at a significance level o = .05 and df = 36 is t = 2.02 (from
the standard t distribution table) (Montgomery, 1997).

The protected t-tests show significant differences between LPT and MWKR with
respect to BPNN. On the other hand, there is no evidence of a significant difference
between the group mean of SPT and BPNN. This means that SPT might be Improving as
the problem size increases. The results could also indicate that the neural network may be
getting weaker as n grows. Simi]ar]y; 1t has been observed that there is a significant
difference between other groups of means such as MWKR and LPT, except between SPT

and MWKR. Thus, it is further evident that SPT improves as the number of jobs increase,

as compared to both BPNN and MWKR.
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5.8 ANOVA Results For Mean Flowtime

A similar ANOVA analysis is also carried out for the mean flowtime result. The

details of the experiment and the ANOVA results are presented in

5.9 respectively.

Sample No. SPT WINQ-PT LWKR BPNN
1 3827.6104 | 3721.1716 | 3563.1432 | 3512.494
2 3902.2484 | 3762.8834 | 3597.3018 | 3545.122
3 3900.6868 | 3780.1184 | 3646.3354 | 3583.527
4 3944.2476 | 3773.6718 | 3619.7972 | 3578.526
5 3931.0576 | 3838.7032 | 3655.1484 | 3605.348
6 3963.7254 | 3827.3976 | 3677.554 | 3617.025
7 3861.4982 137340116 | 3567.4578 | 3525.153
8 3879.2966 | 3773.5424 | 3594.816 | 3535.001
9 39247204 | 3783.5388 3634.73 | 3577.858
10 3913.9456 | 3767.9396 | 3624.6554 | 3565.213

TFable 5.8 ANOVA experimental data (average mean flowtime).

Table 5.8 and Table

SUMMARY

Groups Coumnt Sum Averape Variance

SPT 10 39049.037 3904.9037 1633.918554
WINQ+PT 10 37762.9784 3776.29784 1295.996328

LWKR 10 36180.9392 3618.09392 1398.511358

BPNN 10 35645.2654 3564.52654 1184.850026

ANOVA
Source of SS df MS F P-value F crit
Variation
Between 9185023905 3 239500.7968 | 173.7629571 | 1.8166E-21 | 2.866265447
Groups

Within | 40619 4864 36 | 1378319067

Groups

Total

768121.8769 39

Table 5.9 ANOVA results for the performance objective of minimizing mean flowtime.

From the ANOVA results, since F > F g5 53¢ the null hypothesis can be rejected

and it can be concluded that there is a significant difference among the mean of different

dispatching rules and BPNN in minimizing the mean flowtime. Fisher’s LSD procedure

is also carried out and Table 5.10 depicts these calculations.

The protected t-tests show that there is a significant difference between BPNN on
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BPNN SPT WINQ +PT LWKR
Mean ¥, =3564.53 ¥, =3904.90 ¥, =3776.29 Y. =3618.09
Sample Size n =10 n, =10 ny =10 n,=10
MSerror 1378.319
Pairs Calculation of protected t
BPNN and (3564.53 — 3904.90)
SPT = =-20.501
f2 *1378.319
V 10
BPNN and (3564.53 - 3776.29)
WINQ+PT = = -12.755
/2 *1378.319
10
BPNN and (3564.53 - 3618.09)
LWKR = =-3.226
’2 *1378.319
10

Table 5.10 LSD calculations for the mean flowtime experiment.
one hand, and all three dispatching rules, SPT, WINQ+PT and LWKR on the other.

In this chapter, the performances of different dispatching rules including BPNN
are compared with the optimal results for various problem sizes. The results show that
BPNN performs better than individual dispatching rules. The BPNN results were close to
optimal for both minimizing makespan and mean flowtime. Also, for larger size problems,
ANOVA tests were performed on both the performance objectives separately. This was
for examining significant differences between different groups of means. The resuits
show that for the makespan criterion, in the larger size problem, there is a significant
difference between means of BPNN and LPT, and BPNN and MWKR, but not between
SPT and BPNN. On the other hand, for the mean f]owtime criterion, ANOVA shows a
significant difference among all the dispatchingvru]es and BPNN, for the large size

problem. In the next chapter, a summary of the results, followed by the conclusion and

further research, is discussed.
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CHAPTER 6

Conclusion and Further research

6.1 Summary

This research has considered the problem of selecting an appropriate combination
of dispatching/priority rules for scheduling job shops. The dispatching rule selection
problem is shown to be a prediction problem that can be successfully solved using a
proposed neural network. For building the neural network, simulations were carried out
to constitute a training set. Once the network was trained, it was shown to be able to
select well-suited dispatching rules for new problems. Computational results showed that
the proposed neural network correctly predicted makespan in more than 75% of the
problem 1nstances. Further, the effectiveness and generalization capability of the
proposed neural network was retained with increase in the number of jobs. Results
indicated that, for the problem situation considered, the concept of using a combination
of dispatching rules for different situations (number of jobs) in a neural network yields
better results than using a single dispatching rule. The proposed neural network for
minimizing the makespan criterion produced an average improvement of about 1.5% over
MWKR (the best comp;zting individual rule) and 6% over LPT (the poorest performer
among the three rules considered), as seen in Table 5.1.‘ On the other hand, for
minimizing the mean flowtime objective, the proposed neural network performed better
by an average of 1% over the best competing individual rule (LWKR), and by 6.5% over

SPT (the poorest performing rule considered), according to the results in Table 5.3.
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In this studv. the test problems were randomly generated, and a small fraction of
the 120 possible job routes for five machines were considered in each problem instance.
This simulates a realistic scenario where jobs with the same routes belong to either a part
family or a group, and have similar sequences of operations but different processing

times.

6.2 Conclusion

The proposed neural network is an input-output model. In this research the input to
the proposed network consists of total processing time, variance of processing time and
the mean routing order on each machine. The trained neural network identifies such
characteristics and quickly assigns one of three dispatching rules to use on each machine.
It has been observed during the study that if only a single dispatching rule like smallest
processing time (SPT) is applied on all five machines, than the optimality of the desired
performance objective (in this case minimizing makespan) is not always achieved in the
shop. On the other hand, if neural selections of dispatching rules are applied to each of
the machines, then better results are obtained as compared to using a single dispatching
rule.

Although the neural network was trained with small job numbers, the efficacy of
the trained neural network for larger size problems appears 10 be maintained. For
example, the BPNN results deviate only 0.429 % from the total of the makespans
achieved by the optimal mix of the three dispatching rules for job shops with n=50.

Hence, the BPNN, from a practical application point of view, can be used as a tool
to aid scheduling decisions in a plant, or can be embedded in a production computer

integrated manufacturing system for automated and dynamic selection of appropriate
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priority rules. The developed model offers significant advantages regarding time

consumption and simplicity for scheduling new job shop problems.

6.3 Further Research

The suggested methodology is not restricted to a static job shop model, but there

are a number of fruitful directions that can be identified for further research from this

study, some of which are:
1) Dynamic job shop problems.
2) Different performance objectives.
3) Relaxation of assumptions.
4) Number of dispatching rules.
5) Job shops with more machines.
The details of each future direction are as follows:

The present study can be extended to consider a dynamic job shop problem,
where the arrival times of jobs are not known (in advance) before scheduling. The jobs
may arrive at any time; in such a real-world situation, the job characteristics are fed to the
neural network. The trained network can decide in real-time when to change rules on
specific machines in response to the changing characteristics of the work-in process so as
to better meet the performancé objectives. It is worth investigating how this network
trained for a static job shop, will perform when subjected to a dynamic environment.

A similar neural network approach can be used for other performance objectives
where the jobs will have an additional characteristic such as due date, like minimizing
mean tardiness, minimizing number of tardy jobs or minimizing the cost. The current

study made some assumptions, like no machine breakdowns, material-handling systems
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are available at all times, etc. The neural network can be trained by relaxing such
assumptions in order to capture more realistic real world situations. In a flexible
manufacturing system that resembles the job shop model, if one of the material handling
systems breaks down. then in such a situation an intelligent neural network can optimize
the job sequence and thus the desired performance objective.

In the present study. a set of three dispatching rules was considered for two
different performance objectives, minimizing makespan and mean flowtime. The study
can be extended to test the possibilities of getting better solutions if combinations of more
than three dispatching rules are used for the same or different performance objectives.

In the present study, a five-machine job shop problem was considered; a similar
approach can be extended to a higher number of machines, for example, ten machines for
the same or different performance objectives.

Summing up, the objective/purpose of this research was to develop and train an
artificial neural network to select the best combination among three dispatching rules for
a five-machine job shop problem and two different performance criteria. Experimental
results showed that the trained neural network was able to successfully predict good rules
to use on each machine, leading to better satisfaction of the performance criteria when

compared with the alternative of using one identical rule on all machines.
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Appendix Al: Problem generation -

#include ~s1dio.h-
#include ~sidhibh-
#include “1ime.h>

main(void)

/

FILE *scheda.*combo:

float TF.RDD.UL;

int Y[101]{21]1.P|21].route_choice[26),Joad_dist[16],routes,Counter;
int i.k.n.m.r.reps.Z, X. W, Wt.PP g.q,Liner lcounter.al ,a2,a3,a4,a5;
char FFname(12].desi[30].Fdai{12],gstr{4],str1[10],str2{10];

if((combo = fopen("c:\tc\\bin jobshops\\perm5!.dat”,"r")) == NULL)
{ fprintf{stderr.”Cannot open output file . \n");
return 1;

[
]

for(i=1;1<=100;++1)
for(k=1;k<=21;++k)
Y[i][k] = 0:

print{("What is the number of JOBS ? \n");
scanf{"%d".&n);

printf("How many test problems ? \n");
scanf("%d" . &reps);

m=5;

srand(121);

for(g=1;g<=reps;++g)
]

strepy(strl,"t");
oa(g,gstr,10);
strcat(strl,gstr);
strepy(Fdat,sirl);
strcat (Fdat,".dat");
strepy(dest.” c:\e\\bin\\jobshops\\data\\");
strcat(dest.Fdat);
if((scheda = fopen(dest,"w")) == NULL)
} fprintf(stdess,"Cannot open output file . \n");

return 1;

]
'

routes = random(6)+5:

for(k=1; k<=21; ++k})

P[k]=0;

for(r=0;r<=25;++r)

route_choice[r] = 0;
for(r=1;r<=routes;++r)
route_choice[r] = random(121);
for(r=0;r<=15:++r)

load_dist|r] = 0;
for(r=1;r<=m;++1)

load_dist[r] = random(49)+10;

fprintf(scheda,"%d %d \n", n,m);

for(i=1;i<=n;++j)
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for(k=1:k<=m:~+k)
'

|Y[i][k] = random{41) - load_dist{k]:
Plk] = P[k] - Y[i][k):

for(i=1; i<=n; ++j)
1
Z=1000;
lcounter=0:
Liner = route_choice[random(routes)+1];
while( Liner !'= Icounter)

{ fscanf(combo,"%d %d %d %d %d \n",&al,&a2,&a3 &ad,8a5);
++lcounter; |

fprintf(scheda,"%d %d %d %d %d ",al.a2.a3,a4,a5);
rewind(combo);

fprintf(scheda."%d ",Y[i][al]);

fprintf(scheda,"%d ",Y[1}[a2]);

fprintf(scheda,"%d ",Y[1}[a3]);

fprintf(scheda,"%d ",Y[i][a4));

fprintf(scheda,"%d ",Y[i}{aS));

fprintf(scheda,"\t %d ".Z);

fprintf(scheda,"\n");

b

fprintf(scheda,\n\n");
fclose(scheda);
++Counter;
1
J
printf(" counter iss : %d\n",Counter);

fclose{combo);

1
J
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#include ~stdio.h>
#include “stdlib.h
#include ~time.h>
#include <math.h>-
#include <string.h>
struct table

s

[}

int jobno,
int protime:
int duedatc;:
int slack;
int slackp;
int flowt;
int tarwt;
float neuro;

6.
IR

struct measures
s

!
float flwtime;
float meantard;
int numtar;
float maxtar;
float makespan;

K
struct picks
{ .
int partno;
float costco;
i
struct probdata
{
int jobno;
int operation[11];
int machine_no[11];
int Due;
int elapsed;
int route_track;
int flowt;
int tarwt;

int 1otalwk;
]

IRl
struct timetrack
{
int endtime,
int partnum;
int machine;
3
struct edata
{
int jobindex:
int completion;
int duedate;
int elapsed;
int flowt;
int tarwt;
IR
struct bufs
1
int queue[102];
int maxcap;

¥.
(R}

Appendix A2: Training set generation -
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float LOAD[TTLPLOAD[ 11 ].maxload:
struct measures MM[10];

struct bufs buffer|11]:

struct imetrack event[211]:

struct cdata sink[ 111];

struct probdata PRT{102 )it dispatching_rule]16];
int objscl.conscl:

int TIMENOW. dd.bst;

fioat Tardiness. TTard,Bcost.CCost:

int Count=(,machines_h.v:

char ncat[3]:

int droutput|31]:

main(void)

4
[

FILE *combo.*sinput.*soutput. * neutnput. * neuout:
struct table spt_son(}.cdd_son().mslk_son(}.Ipi_sor{).msip sort(),wspt_sort()
struct table clear_job(),update_jobs( )-random_sor(): - ‘ -
struct measures calculate_measures().calculate_cost().schedule costs()
struct edata find_sched(): -
struct bufs
spt_buf(),ipt_buf().twspt_buf().CD().1spt_buf().edd_buf().slack_buf().covert_buf(),mdd_buf(),Iwkr_buf{),twk_buf();
struct bufs snq_buf(),wing_buf().append_to_buffer(),unload m;chine(); - - ’ - T ’
int combox[244][6].k1.k2.k3 k4.5 jj.combination; -
float mc_square[11],maxstdey;
float best_result,performance;
int remove_job(),max_prot{).max_date.member_of(), Avertot;
float Mflow,Bflow;
int i,k ki,u,n p,qr,Ly,j.job.sequence next_mac.curmac,best_tardy;
int place,found;
int best_tardiness,best_flow best_combo.mac_candidate[14].mincostjob,totpro,mincostdue,mondue;
int BEST[300]{11],njobs{3};
int greater_of(),counter,tie_counter;
char FFname[ 12],WWR[44].dest2{30].dest1[30].desi[30].Fdat[12];
char *strl;
int combocounter=0;
if({soutput = fopen("c:\\te\ibin\jjobshopsi\data\tresult.dat”,"w")) == NULL)
{ fprintf(stderr,"Cannot open output file . \n");
return 1;

£}

.

)

J
if{(neuinput = fopen("c:\uct bin\\jobshops\\data\\neujob.inp”,"a")) == NULL)
{ fprinff{siderr,"Cannot open ourput file . \n");
return 13
1
1)
fprimtf(soutput,™n M/C1 M/C2 M/C3 M/C4 MI/IC5 \n"):
fprintf(soutput,” \n");

/*

printf("Select an Objective Function : \n\n"):
printf{"1. Minimizing Mean Flowtime \n"):
printf{("2. Minimizing Makespan n"}):
scanf("%d" &objsel); */

objsel = 2;

if(objsel==1)

if((neuout = fopen("c:\Me\\bin\\jobshops\\datat\neujobf.out","a")) == NULL)
{ fprintf(stderr,”Cannot open output file . \n");
return 1;

1
s

1
J

else

{
if((neuout = fopen(“c:\\tc\\bin\\iobshops\\data\\neujobm.out","a")) == NULL)
{ fprintf(stderr."Cannot open output file . \n");
return 1; .
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'
L

)
for(k=1:k~=30;++k)
droutput|k]=0;
hest_result = 999999999.9,
EL
for(k1=1:k1<=3:++k1)
for(k2=1:k2<=3;++k2)
for(k3=1:k3<=3;++k3)
for(k4=1;k4<=3:++k4)
for(k5=1:k5<=3:++k5)
{ combox(jj)f 11=k1;
comboxjj][2])=k2:
combox{})][3]=k3:
combox[jj}{4)=k4:
combox|)j][5])=kS5;
1
for(combination=1;combination<=243;++combination)
4
~=+combocounter;
strl = "T30.dat";
stpepy(FFname.strl);
strepy(dest,” c:\e\Wbin\jobshops\h\datai\");
strcat(dest.strl ):
if{(sinput = fopen(dest,"r"}) == NULL)
{ fprintf{sidery,"Cannot open input file . \n");
return 1;
1)
fscanf(sinput,"%d %d",&Count,&machines);
for(k=0;k<=10;++k)
buffer[k].maxcap = 0;
for(k=0;k<=15;++k)
dispatching_rule[k] = 0;

for(k=1;k<=machines:++k)
dispatching_rule[k] = combox|[combination][k];
> for(k=1:k<=5:++k)
{ printf("%d*" dispatching_rule[k]); if(dispatching_rule{k]==0) getchar();}

for(i=1;1<=210;++i)
event[i].endiime = event[i].partnum = event[i].machine = 0;

for{i=1;1<=10:++i)
for(j=0; j<=101; ++j)
buffer[i].queue(j] = 0;
for(i=1;i<=110:++1)
sink[i].jobindex = sink[i].completion = sink[i].duedate = sink[i].elapsed = 0;
for(i=1;i<=Count;++1i)
for(k=0:k<=10:++k) ;
{ PRT[i).operation[k] = 0: PRT[i].machine_no[k] = 0; mc_square{k]}=0; }
for(i=1;i<=Count;++i)

!
1

totpro = 0;
for(k=1:k<=machines;++k)
i
fscanf(sinput,"%d ".&PRT{i].machine_no[k]);
k]
]
for(k=1:k<=machines:++k)
{
fscanf(sinpul."%d " .&PRTYi].operation|PRT[i).machine_no[k]]);
torpro = totpro + PRT{i].operation[PRT{i].machine_no[k]);
]

|
PRT([i).operation[0] = totpro;

AS



PRT]i]1otalwk = 1otpro;
PRT(i].jobno = i
PRT[1].clapsed = ()
PRT]i].route_track =0:
PRT[i} flowt = 1:
PRT[i].tarwt = 1;
fscanfisinput,” %d".&PRT]i).Due):
LOAD(machines] = );
for(k=1:k<=machines:++k)

J

LOAD{k] = 0:

l

H
for(k=1:k<=machines:++k)
fori=1:1<=Count:++i)
LOAD(k] = LOAD(k] + PRT[i).operation[k);
maxload = 0;
for(k=1:k<=machines;++k)
if(LOAD(K] > maxload) maxload = LOAD[k]:
for(k=1:k<=machines:++k)
fprintf(neuinput,” %5.3f " LOAD[k)/maxload);
maxstdev=0.0;,
for(k=1;k<=machines;++k)
4

g

for(i=1;i<=Count;++i)

mc_square[k] = mc_square(k] + PRT{i].operation{k]*PRT{i].operation[k];

mc_square[k] =( (mc_square{k] - LOAD[k]*LOAD{k}/Count)/(Count-1) );
if(mc_square(k] > maxstdev) maxstdev = mc_square[k];

-

for(k=1;k<=machines:++k)
fprintf(neuinput,” %5.3f ", mc_square{k}/maxstdev);
for(k=1:k<=machines:++k)
{
place=0;
for(j=1;j<=Count;++j)
{
for(p=1;p<=machines:-++p)
if(PRT{j).machine_no[p] == k)
{++place; break;)
else ++place;

fprinfineuinput.” %5.31 " (float)place/(Count*machines));
)

3
fprintf(nevinput,” \n");
fclose(sinput);
fclose(neuinpur);
/*** Assion all jobs 1o their initial buffers and initialize event tracking =~ *****»*%/
for(i=1; i<=Count; ++1)
{
found = 0;
for (k=1: k<=machines: ++k)
if(PRT[i].operation{k] '= 0 && found == 0)
{
append_to_buffer{ PRT[i].machine_no[k],i);
++PRT(i].route_track;
found = 1;
b
)
for(k=1:k<=machines;*++k)
if(bufler{k].queue[1] = 0)
add event(0.0.k):
/*******t***#;*l*#tti*#t*ll#*ti**#******V#****#*.**l‘ﬁﬁﬁ".'*t.'**"..t.“/
TIMENOW =0;
while{event[1].machine != ()
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sequence= PRT]event] 1].partnum].route_track:
curmac = event] |].machine:
job=cventf | ].partnum:

" printf“TIME : %d - EVENT on machine %d for PART %d
n".event[ 1]).endtime.cvent[ 1 ].machine.event| 1 ].partnum);
printf("TIMENOW = %d \n",event|1].endtime); */
TIMENOW = cvent|1].endume:
=N
while(event[j].machine != ()
’
event[j).endiime = eventfj].endtime - TIMENOW:
ﬂr+j"
:
for(j=1;j<=Count;*+})
!
PRT(j].elapsed = PRT[j].elapsed + TIMENOW;
PRTYj).Due = PRT[j].Due - TIMENOW:

H
TIMENQOW = 0;

update_event_list();
if(job != 0)

'

/* move job to the next machine's buffer ~ */
found = 0;
i PRT{job).operation[sequence+1] = 0 && found==0)
{

next_mac = PRT[job].machine_no[sequence+1];
unload_machine({curmac);
append_to_buffer(next_mac,job);
++PRT[job].route_track;
if(buffer{next_mac].queue[0] == 0)

b
load_machine(next_mac,dispatching_rule[next_mac]);
add_event(TIMENOW +

PRT[buffer{ next_mac]).queuef0]].operation[next_mac].buffer{ next_mac].queue[0],next_mac);

]

1
found=1:

]
1)
if(found == Q)
{
add_to_sink(job, TIMENOW 0);
unload_machine(curmac);

]
J

load_machine{curmac,dispatching rule[curmac]);
if(buffer{curmac).queue{0] '= 0)
add_event(TIMENOW +

PRT[buffer curmac].queue{0]).operation{ curmac].buffer[ curmac).queve[ 0] ,curmac);
)
) ,

else
{
load_machine(curmac,dispatching_rule{curmac]);
add_even(TIMENOW +
PRT[buffer[curmac].queue[0]].operation[curmac],buffer| curmac).queue{0],curmac);
1
]
1 /* end of combination for loop */
schedule_costs():

/*  printf{ "mean flowtime = %7.2f \n" MM[1].flwiime):
printf("makespan = %7.2{ \n".MM[ 1 ].makespan);
printf("number of jobs tardy = %d \n".MM[1].numtar);
printf("maximum job tardiness = %7.2f \n",MM[ | ].maxtar);
printf{"\n");
for(i=1; i<=machines; ++i)
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printf("The maximum gueue length in bufler %d = %d unints \n".i. butfer; ;
printf(” n"): */ S et mexcap):

if(objsel == 1) performance = MM{1].flwiime:
else performance = MM[1].makespan:
if(performance < best_result - 0.00001)
4 best_result = performance:
te_counter = 1;
for{u=1;u<=machines;++u)
BEST[tie_counter){u] = dispatching_rule{u]: !

clse if (performance > best_result-0.00001 &4& performance < best_result+0.00001)
) -

++tie_counter:
for(u=1lu<=machines:++u)
BEST[ue_counter}{u] = dispatching_rule[u]: |
\/xx*x end of the main while  ***%/
for(p=1;p<=tie_counter;++p)
)

+

for(u=1:u<=machines;++u)
s

!'f(BEST[p][u == 1) { fprintf{soutput,” SPT  "); ++ droutput[3*u-2}; |
!f(BEST[p][u] == 2) { fprintf(soutput,” LPT  "); ++ droutput[3*u-1J; ;
if(BEST[p]{u] == 3) { fprintf(soutpu,” MWKR "}, ++ droutput[3*u]; }

)
fprintf{soutput,”\n ");
1
]
fprintf(soutput,"\n \n");
if(objsel == 1)
fprintf(soutput,” mean flowtime = %7.2{ " best_result);
else
fprintf(soutput,” makespan = %7.2f " best_result);

for(i=1:;i<=3*machines;++1)
fprinti(neuout,” %5.2f " (float)droutput[i}/tie_counter);
fprintf(neuout,"\n *);
fclose(neuout);
fclose(combo);
fclose(soutput):
return(0);
)
]
struct bufs append_to_buffer(bnum jobnum)
int bnum, jobnum;
{
inti=};
while(buffer[bnum].queue{i] != 0)
1
++1;
I
if (i > buffer(bnum].maxcap)
buffer[bnum].maxcap = R
buffer[bnum].queue[i] = jobnum:

return:

1
]

/* Function : unload_machi() This function removes a job from machine (1) */

struct bufs unload_machine(finmac)

int finmac;

{
int i.finjob:
finjob = buffer{finmac].queuef0};
LOADfinmac] = LOAD[finmac] - PRT[finjob).operation| finmac};
PRT[finjob).operation[0] = PRT[finjob].operation{0] - PRT] finjob].operation[finmac];
buffer] finmac).queue[ 0] = 0: . '

return;

-
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add_cvent(time job.mac)
int ime,job.mac;

g

inti=};

int p.spot:

while (event]il.machine '=0 & & event|i).endtime < time)

1
0

i
1.
LX)
spot = 1)
while (cvent|i].machine !=0))
++:

for(p=i:p>=$pot;--p)
event|pl= event|p-11:

event|spot].cndlime = timg;
event{spot].parinum = job;
event|spot].machine = mac;
return;

]
]

load_machine(mac,selected)
int mac,selected;
{
nti=l;
if(buffer{ mac].queue[2] != ()
s

if(selected == 1) spt_buf{mac),
if(selected == 2) Ipt_buf(mac);
if(selected == 3) mwkr_buf(mac);
if(selected == 4) wing_buf(mac),
if(selecled == 5) Iwkr_buf(mac);

do

buffer[mac].queue[i-1] = buffer{mac].queuefi];

++i;
]
while (buffer{mac].queue(i-1] != 0);
return;
1
]
update_event_list()
{
inti=1;
do
{
event[i-1] = event[i];
++i:
j
while (event[i-1].machine != 0);
return;
1
bl
add_to_sink(jobno,comp.due)
int jobno,comp,due;
{
intu=1;
while(sink[u].jobindex != Q)
{

++ul
I
sink[u).jobindex = jobno:
sink[u].completion = comp;
sink[u].duedate = due;
sink[u].flowt = PRT{jobno].flowt;
sink{u].tarwt = PRT[jobno].tarwt;
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sink|u].elapsed = PRT[sink| u].jobindex).elapsed + comp:
returm:

dismiss_job{j)
int j:

1]

]

inti;

for (i=1:i<=machines;++i)
PRT{j].operation[i] = ¢;

PRT[1).Due = 0;
PRT(i].flowt = PRT{j}.tarwt = 0;
PRT[j].jobno = 0;

returnf (1):

]

)

struct bufs spt_buf(buino)

int bufno:

}
t

zdefine FALSE 0
#define TRUE 1

nt j.k. sorted = FALSE;
float trigl . trig2;
int temp;

intn=1;
while(buffer{ bufno).queuefn] 1=0)
++n;
-_n”
while (!sorted)
5
sorted = TRUE;
for (=1:j<n; ++})
if (PRT[buffer{bufno].queue[j]].operation{bufno] > PRT[buffer[bufno].queuelj+1]).operation[bufno])
{ temp = buffer{bufnol.queue(j];
buffer{ bufno).queue[j]=buffer{ bufno).queuej+1];
buffer{ bufno].queuelj+1]=temp;
sorted = FALSE;

return;

2]
]

struct bufs Ipt_buf(bufno)
int bufno:
{
#define FALSE O
#define TRUE 1
int j,k, sorted = FALSE;
float trig}.rig2;

int temp:

intn=1: ”

while(buffer{bufno].queue(n] =0)
++n: P

--n;
while (!sorted)

{
sorted = TRUE;
for (j=1: J<n; +4j)
if (PR T]buffer{ bufno].queue[j]].operation[bufno] < PRT[buffer[bufno).queuelj+11]).operation| bufno])
1

temp = buffer|bufno].queuelj];
buffer{bufno).queuefj]=buffer{bufno].queue]j+1 );
buffer] bufno).queue{j+1]=temp;
sorted = FALSE;
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retum;

struct bufs mwkr_buf(bufno)

int bufno;
s

#define FALSE O
#define TRUE |

int j, sorted = FALSE:
int temp;

intn=1;
while(buffer{bufno).queuefn] =0)
++n;
--n;

while (!sorted)
s
sorted = TRUE:
for =1; j<n; ++j)
if (PRT[buffer[bufno].queue[j]).operation{0] < PRT{buffer{bufno).queuelj+1]].operation[0])
5
temp = buffer[bufno).queue[j);
buffer{ bufno).queue[j]=buffer{bufno].queuefj+1];
buffer[bufno].queue[j+1]=temp;
sorted = FALSE;

-

return;

]
]

struct bufs wing_buf{bufno)
int bufno;
{
#define FALSE 0
#idefine TRUE 1

int j,k, sorted = FALSE:
int temp;

intn=1;
while(buffer{bufno].queue[n] =0}
++n; .
--n;

while (!sorted)

{
sorted = TRUE;
for (j=1: j<n: ++j)

if (work_in_next_queue( buffer{bufno).queue[j] , bufno) > work_in_next_queue(
buffer[bufno).queuefj+1], bufno)) -7
{

temp = buffer{bufnol.queue]j};
buffer{bufno].queue{j]=buffer{bufno}.queuefj+1];
buffer{bufno).queue[j+1]=temp;

sorted = FALSE;

All



work_in_next_queuc(jobnumber present_mac)
int jobnumber. present_mac:

{

int g.klnumb.waiting_joh.next_mac. workinqueue=0;

for(g=1.q<=Count++q)
H{PRT{q].jobno == jobnumber) break:

for(k1=1:k1<machines:++k]}
H{(PRT[q].machine_no[k1] == present_mac)
1
numh = 1;
next_mac = PRT{g].machine_no[k1+1}:

while(buffer| next_mac).queuenumb) '=0)

s
waiting_job = huffer|{next_mac].queue[numb];
workingueue = workinqueue + PRT[waiting_job].operation[next_mac];
++numb:

workingueue = workinqueue + PRT][g).operation| PRT{q).machine_no[k1]};
rewurn{workingueue);
)

else
return(0);
]
3
struct bufs lwkr_buf(bufno)
int bufno;
{
fidefine FALSE 0
#define TRUE 1

int j, sorted = FALSE:
nt temp;,

intn=1;
while(buffer[bufno].queue[n] !=0)
++n;
--n;

while (!sorted)

i
sorted = TRUE;
for (j=1; j<n; )
if (PRT]buffer[bufno].queuej]].operation[0] > PRT[buffer[bufno].queuefj+1]].operation[0])
{

temp = buffer{bufno).queue[j];
buffer[bufno).queue{jl=buffer{ bufno).queue{j+1];
buffer[bufno].queuelj+1]=temp:
sorted = FALSE;

-
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Appendix A3: Comparison of NN results with other dispatching rule results

thinclude < stdio.h-
#include <stdlih.h>
#include <time.h>-
#include <math.h>
#include <siring.h>
#include <neuro.h>

struct 1able
J

!
int jobno;
int protime:
int duedate:
int slack:
int slackp:
int flowt;
int tarwt;

float neuro:

1.
)

siruct measures

s
1

float flwtime;
float meantard;
int numtar;
float maxtar;

float makespan;
)

I
struct picks
1
int partno;
float costco;
]

IR
struct probdata
{
int jobno;
int operation{11];
int machine_no[11];
int Due;
int elapsed;
int route_track;
int flowt;
int tarwt;
int totalwk;
1.

P
struct timetrack
{
int endtime;
int partnum;
int machine;
t. -
1R}
struct edata
{ 7
int jobindex;
int completion;
int duedate;
m elapsed;
int flowt;
int tarwt;
I
struct bufs
{
int queue[102];
int maxcap;
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b

float LOAD[11].PLOAD|11},maxload;

struct measures MM{10]:

struct bufs buffer{21]:

struct timetrack event|211):

struct edata sink[111]:

struct probdata PRT[101]:int dispatching_rulc[16]:

int rulesel.consel;

int TIMENOW . dd bst:

float Tardiness. TTard.Beost.CCost;

int Count=0), machines.h.v:

char ncat| 3]

int droutput{31]:

main{void)

H

FILE *sinput,*soutput:

struct table spt_sort().edd_sort().mslk_son().Ipt_sor().mslp_sort(),wspt_sort();
struct table clear_job().update_jobs().random_son();

struct measures calculate_measures().calculate_cost().schedule_costs()
struct edata find_sched():

struct bufs
spt_buf().Ipt_buf().twspt_buf().CD().tsp1_buf().edd_buf().slack_buf().covert_buf(),mdd_buf().}wkr_buf(),twk_buf);
struct bufs snq_buf(),awing_buf().append_1o_bufier(),unioad_machine();

int combox[244][6],k1,k2.k3.k4.k5,jj.combination;

float mc_squaref 1 1],maxvar.makespans. flowtimes:

float best_result,performance;

int remove_job(),max_prot().max_date.member_of().Avertot;
float Mflow,Bflow;

double n_vector{ 16],n_output[ 1 6].maxout;
intik.ki,u,n,p,q.r.t,y.j Job.sequence.next_mac,curmac,best_tardy:;
int place.found;
int best_tardiness,best_flow.,besi_combo.mac_candidate[ 14],mincosyjob.totpro.mincostdue,mondue;
int BEST([300][11],njobs{3];
int greater_of().counter,tie_counter:
char FFname[12].WWR{44].dest2{30]),dest1{30).desi{30),Fdat[ 12];
char *strl;
mt combocounter=0;
if((sinput = fopen("c:\Mc\\binvyjobshops\\datat\multest.dat","r")) == NULL)
{ fprintf(stderr,"Cannot open output file. \n");
return 1;

if((sou,lpul = fopen("c:\tcWbin\\jobshops\\datatymultest.out”,"w")) == NULL)
{ fprintf(stderr,"Cannot open output file . \n");
retun 1;
13
]
printf("Select Dispatching Rule Policy : \n\n"):
printf("1. SPT for all machines \n"),
printf("3. LWKR for all machines \n");
printf("2. LPT for all machines \n");
printf("4. Neura} Selection \n");
scanf("%d".&rulesel):
if{rulesel != 1 && rulese] =2 && rulesel '=3 && rulesel !=4)
{ printf("Leaving the program . \n"):
return 1;

]
]

if(rulesel == 1)

for(k=1:k<=machines;++k) dispatching_rule[k]=1;
if(rulesel == 2)

for(k=1:k<=machines:++k) dispatching_rule[k]=2:
if(rulesel == 3)

for(k=1:k<=machines:++k) dispatching_rule[k}=3;
makespans = flowtimes = 0; .
while(!feof(sinput))

{
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fscani(sinput."%d %d".&Count.&machines):
Hifeoflsinput))
break:

for(k=0:k<=10;++k)

buffer{k].maxcap = O
for{k=0:k<=15;++k)

1 dispatching_ruie[k] = 0; n_vector{k}=0.0: ]
for{k=1;k<=machines:++k)

dispatching_rule{k] = rulesel:
for(i=1:i<=210:++))

eventfi).endiime = event]i).parinum = event|i].machine = 0;

forti=1:17=10:++1)

for(j=0; j==101: ++])

buffer|i).queuc]j] = O:
for(i=1;i<=110;++1)
sink(i].jobindex = sink{i].completion = sink({i].duedate = sink[1].elapsed = 0,
for(i=0);i<=Count;++1)
for(k=0:k<=10;++k)
1 PRT{i].operation{k] = 0: PRT[i].machine_no[k] = 0; mc_square(k}=0; ]
for(i=1;i<=Count;++i)

J
i

totpro = §;
for(k=1:k<=machines;++k)
s
fscanf{sinput,"%d ".&PRT{i].machine_no[k]);

[}
4

for{k=1;k<=machines;++k)
!
fscanf{sinput,"%d ".&PRT[i].operation[ PRT[i].machine_no[k11);
totpro = totpro + PRT]i).operation[PRT[i].machine_no[k]];
]
]
PRT[i].operation[0] = 1otpro;
PRT[i].totalwk = totpro;
PRTIi},jobno = i;
PRT[i}.elapsed = 0;
PRT([i].route_track =0;
PRT[i).flowt = 1;
PRT[i}.tarwt = ]:
fscanf{sinput,” %d”.&PRT[i].Due);
1)
} ‘
for(k=1:k<=machines;++k)
LOAD[k]= 0,
for(k=1:k<=machines.++k)
for(i=1:i<=Count:++i)
LOAD[k] = LOAD{k] + PRT{i].operation{k];
maxioad = 0;
for(k=1:k<=machines:++k)
f(LOAD[k] > maxload) maxload = LOAD([k]:
for(k=1:k<=machines:++k)
n_vector{k] = LOAD[k])/maxload;
maxvar=0.0:
for(k=1:k<=machines;++k)
{
for(i=}:1<=Count;++)
me_square[k] = mc_square[k] + PRT(i].operation[k]*PRT(i].operation[k];
me_squarefk] =(mc_square(k] - LOAD[k]*LOAD[k}/Count)(Count-1);
iftme_square{k} > maxvar) maxvar = mc_square[k];

)
1

for(k=machines+1:k<=2*machines:++k)

n_vectortk] = mc_square{k-machines)/maxvar;
for(k=1:k<=machines;++k)
{

place=0;
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for(j=1 j<=C0um:++j)

4
1

for{p=1:;p<=machines:++p)
if(PRT{j].machine_no|p] == k)
{+—place: break: !
else —+place:

n_vector| 2*machines+k} = (float)place/(Count*machines);
]
¥
for(p=1:p<=15:++p)
n_vecior|p-1]= n_vector{p]:
if(rulescl == 4)

neuro_dispatch(n_vector.n_output);
for(k=1:k<=machines:++k)

4
1

maxout=0.0;
for(p=0:p<3:=-p)
iftn_output{3*(k-1)tp] > maxout)
{ maxout = n_output|3*(k-1)+p}; dispatching_rulelk] = p+1;}

1

1

for(i=1:i<=machines;++i)
fprintf(soutput,”%d ".dispatching_rule[i]);

/*** Assign all jobs 1o their initial buffers and initialize event tracking ~ ****%3%%/

Refer Appendix A2
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Appendix A4: Test Problem generation

#include <s1dio.h>

#include <sidlib.h>

#include <time.h>

/* generates test problems for use by appendix D */

main(void)

f

FILE *scheda.*combo:

float TF.RDD,UL;

int Y[101]]213,P[21).route_choice[26).Joad_dist| ] 6],routes,Counter;

intik,n.m.r.reps.Z, X, W, WtPP,g.g.Liner.lcounter,al .a2,a3,a4,a5;

if({scheda = fopen("c: ¢ \bin\yjobshopshdata\imultest.dat”,"w")) == NULL)
§ fprintf(stderr,"Cannot open output file . \n");

return 1;

]
]

if({combo = fopen("c:\uc\\bin\\jobshops\\perm5!.dat","r")) = NULL)
{ fprintf(stderr,"Cannot open output file . \n");
return i;
;
for(i=1;1<=100;++1)
for(k=1:k<=21:++k)
Y[i][k] = 0
printf("What is the number of JOBS ? \n");
scanf("%d" ,&n);
printf("How many test problems ? \n");
scanf("%d" .&reps);
m=5;
srand(2177);
for(g=1;g<=reps:++g)
{
routes = random(6)+5;
for(k=1; k<=21; ++k)
Plk) =0;
for(r=0;r<=25;++r)
route_choice[r] = 0;
for(r=1;r<=routes;++r)
route_choice[r] = random(121);
for(r=0;r<=15:++1)
load_dist[r] = 0;
for(r=1;r<=m;++r)
load_dist{r] = random(49)+10;
fprintf(scheda,"%d %d \n", n,m);
for(i=1;i<=n;++1)
for{k=1 ;k<=m;++k)
{
Y[i)(k] = random(41) + load_dist[K);
‘P[k] = Pik] + Y[i](k];

J
for(i=1; i<=n; ++i)
{
Z=1000;
Icounter=0;
Liner = route_choice[random(routes)+ 13;
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while( Liner '= lcounter)

{ Iscanf(combo.”%d %d %d %d %d \n".&al &a2.&a3.&ad.8&a5);
++lcounter; !

fprintf(scheda,"%d %d %d %d %d

".al.a2,a3,a4,as);
rewind({combo):

fprintf(scheda,"%d ",Y[1]{al]);
fprinf(scheda,"%d ",Y[i]{a2]);
fprintf(scheda,"%d ".Y[i][a3]);
fprimf(scheda,"%d ",Y[1][a4]);
fprimf(scheda,"%d ".Y[i][aS]):

fprintf(scheda,"t %d ",2);
fprintf(scheda,"\n");

|
]

fprintf(scheda,”\n\n");
++Counter;

1

j

printf("counter iss : %d\n",Counter);
fclose(combo);
fclose(scheda);
1

J
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Appendix C}: Determining number of hidden neurons for performance

objective of Minimizing Makespan

Number of hidden layer ]
Learning rate 0.1
Momentum 0.1
Initia] Weights 0.3
Pattern Selection Random
Weights updates Vanilla
Number of training patter 2494
Number of test 1200, combination of n=10,15,20
Number of hidden neurons 61018
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Appendix C2: Determining number of hidden neurons for performance

objective of Minimizing Mean Flowtime

Number of hidden Jayer
Leamning rate
Momentum
Initial Weights
Pattern Selection
Weights updates
Number of training patter
Number of test
Number of hidden neurons

1
0.05
0.05
0.3
Rotational
Turboprop
2636
1200, combination of n=10,15,20
10t0 25
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Appendix D1: Neural Weights for Makespan network

/* Insent this code into your C program 10 fire the CANSHELL2ASPT&LPT&MWKR nerwork */
/* This code is designed to be simple and fast for porting to any machine */

* Therefore all code and weights are inline without looping or data storage *-

/* which might be harder 10 pont between compilers. *

#include <math.h>
void neuro_dispaich(doubie *inarray. doubie *owarray)

I
1

double netsum;

double feature2(9].

/* inarray[ 0] is total processing time on machine 1 */

/* inarray| 1] is total processing time on machine 2 */

/* inarray| 2] is total processing time on machine 3 */

/* inarray[ 3] 1s total processing time on machine 4 */

/* inarray[4] is total processing time on machine 5 */

/* inarray[5] is variance processing time on machine 1 */
/* inarray( 6] is variance processing time on machine 2 */
/* inarray[ 7] is variance processing time on machine 3 */
/* inarray| 8] is variance processing time on machine 4 */
/* inarray{9] is vanance processing time on machine 5 */
/* inarray[ 10] is mean routing order of machine 1 */

/* inarray[ 1 1] is mean routing order of machine 2 */

/* inarray] 12} is mean routing order of machine 3 */

/* inarray{13] is mean routing order of machine 4 */

/* inarray([ 14] 1s mean routing order of machine 5 */

/* outarray([0] is SPT on machine 1 */

/* oularray| 11 is LPT on machine 1 */

/* outarray[2] is MWKR on machine 1 */

/* outarray[3] is SPT on machine 2 */

/* outarray[4] is LPT on machine 2 */

/* outarray[5] is MWKR on machine 2 */

/* outarray[ 6] is SPT on machine 3 */

/* outarray[7] is LPT on machine 3 */

/* outarray[ 8] is MWKR on machine 3 */

/* outarray[9] is SPT on machine 4 ¥/

/* outarray{10] is LPT on machine 4 */

/* outarray{11] is MWKR on machine 4 */

/* outarray[12] is SPT on machine 5 */

/* outarray[13] is LPT on machine 5 */

/* outarray[ 14} is MWKR on machine 5 */

inarray[0] = 1.0/ (1.0 + exp( -( inarray[0] - .8072053)/ 1779804 )}
inarray[11= 1.0/ (1.0 + exp( -( inarray[1] - .7982979)/ 1812125):
inarray[2] = 1.0/ (1.0 + exp( -( inarray[2] - .8054764)/.1795151 )):
inarray[3] = 1.0/ (1.0 + exp( -( inarray[3] - .8004816)/.1790274 ).
inarray[4] = 1.0/ (1.0 + exp( -( inarray[4] - .8064976) /.1814937 )):
inarray[5]) = 1.0/ (1.0 + exp( -( inarray[5] - .771103) /1943457 )).

inarray{6] = 1.0/ (1.0 + exp( -( inarray[6] - .7586824)/ 1922863 )):
inarray[7] = 1.0/ (1.0 + exp( ( jnarray[7] - .7655738)/ 1942723 )).

inarray[8] = 1.0/ (1.0 + exp( -( inarray[8] - .769994) / .1929265 ));
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inarray{9] = 1.0/(1.0+ exp{ « inarray{9] - .7713115)/.1924995 )); . LT
inarray{10] = 1.0/ (1.0 = exp( -( inarray[ 10] - .5963829) /.1359357)), |
narray{11]= 1.0/(1.0 = exp( -( inarray] 11] - .598911) /.1376096));
inarray[12] = 1.0/(3.0 = exp( -( inarray[12] - .6040698) /.137564));
inarray{ 13} = 1.0/ (1.0~ exp( -(inarray{ 13] - .596164) / .137554 )Y,
inarray{ 14] = 1.0/ (1.0 ~ exp( -( inarray[ 14] - .6044775)/.1383298 ));

netsum = 2456497:

netsum += inarray[0] * 2.046942;
netsum += inarray[ 1] * -1.739467E-02;
netsum += inarray[2} * 1.950621;
netsum += inarray[3] * .7895958:
netsum += inarray[4] * -4.393935;
netsumn += inarray{5] * .6341079;
netsum += inarray[6] * .7639786;
netsum += inarray[ 7} ¥ -.3696065;
netsum += inarray[8] * 1025962,
netsum += inarray[9] ¥ .2775704;
netsum += inarray[10] * 2.588418E-03;
netsum += inarray[11] * -.1057494;
netsum += inarray[12] * 1.179916;
netsum += inarray[13] * .2022499;
netsumn += inarray[14] * -.2809177;
feature2[0) = 1/ () + exp(-netsum));

netsum= .7736111};

netsum += inarray[0] * .2019996;

netsum += inarray[1] * .1082652;

netsum += inarray{2] * 9.714916E-02; C e
netsum += inarray[3] * .8964988: L
netsum += inarray[4] * .9009568; o
neisum += inarray(5] * 1.312576E-02;
netsum += inarray[6] * -1.136535E-03;
netsum += jparray[7] * .5345301;
netsum += inarray[8] * .429602;
netsum += inarray[9] * .6620308;
netsum += inarray[10] * .3335176;
netsum += inarray[11] * .4408983;
netsum += inarray[12] * -.8332653;
netsum += inarray[13] * 1.068497;
netsum += inarray[14] * .8551623:;
featre2[1) = 1/ (1 + exp(-netsum));

netsum = 2736917;

netsum += inarray[0] * 1.667238:;
netsum += inarray[1] * 1.011702;
netsum += inarray[2] * -.6062995;
netsum += inarray[ 3] * -.4746662;
netsum += inarray[4] * -6.320269E-02;
netsum += iparray[S] * - 3131128;
netsum += inarray[6] * .4646354;
netsum += inarray[7] * -.452549¢:
netsum += inarray(8] * .4268539;
netsum += inarray[9] * .153007;
netsum += inarray[ 10] * 2.659758;
neisum += inarray[11] * -1.245716;
netsum += inarray[12] * 6.915511E-02;
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netsum += inarray|[ 13] * -1.128644:
netsum += inarray[ 14] * 1.168092;

feature2(2)=1/(1 + exp(-netsum));

netsum = .42725035;

netsum += inarray[0] * 7500188
netsum += inarray[ 1] * 1.000085:
netsum += inarray[2] * -1.751807;
netsum -+= inarray[3] * .2685844;
netsum += inarray[4] * 1.027902:
netsum += inarray[5] * 6474725,
netsum += inarray{6] * |1521454;
netsum += inarray[7] * . 2068681:
netsum += inarray[8] * - 5180956:
netsum += inarray[9] * .1931846:
netsum += inarray[10] * -1.069892:
netsum += inarray[11] * 6269137,
netsum += inarray[12] * 1.828143;
netsum += inarray{13] * -1.174372:
netsum += inarray[ 14] * 3147894:

feature2[3] = 1 /(1 + exp(-netsum));

netsum = 1.253435;

netsum += inarray[0] * .4281614;
netsum += inarray[ 1] * .263829;
netsum += inarray(2] * .7757708;
netsum += inarray(3] * .8198949;
netsum += inarray[4] * .4531571;
netsum += inarray[5] * .7415228;
netsum += inarray[6] * .3905536;
netsum += inarray[7] * .5716818;
netsum += inarray[8] * .5664634;
netsum += inarray[9] * .4108108;
netsum += inarray[10] * 1.020716;
netsum += inarray[ 11} * .6482075;
netsum += inarray[12] * .3916479;
netsum += inarray[ 13] * .82701;
netsum += inarray[14] * .5516309;

feature2{4] = 1/(1 + exp(-netsum));

netsum = 1.020303;

netsum += inarray[0] * .6176658;
netsum += inarray[1] *-.1641615;
netsum += inarray(2] * .6528724;
netsum += inarray[3] * .5118068;
netsum += inarray[4] * 1.187099;
netsum += inarray{ 5] * .357643;
netsum += inarray(6] ¥ 5779907,
netsum += inarxay(7] * .6766816;
netsum += inarray[8] * .337665;
netsum += inarray[9] * .5777485;
netsum += inarray[10] * .7961912;
netsum += inarray[11] * .6893328;
netsum += inarray{12] * .5017431;
netsum += inarray[13] * -.2587531;
netsum += inarray[14] * .545307;

feature2[5] = 1 /(] + exp(-netsum));

netsum = -.857754;

netsum += inarray[ 0] * -.7458848;
netsum += inarray[1] * -1.533975;
netsum += inarrayf2) * -1.908274;



netsum = inarray|3] * 6.414888;
netsum += inarray|4] * -1.083793:
neisum 4 = inarray|5]* -.1197545;
nctsum 4= inarray|6} * . 1958044;
netsum += inarray| 7] * .4577059;
netsum += inarray[ 8] * - 8148838;
netsum += narray[9] * -.3346533:
netsum += inarray] 10] * -.4140265:
netsum += inarray[11] * -.9390895;
netsum += inarray[12] * .1293133:
netsum += inarray| 13] * - 2089598
netsum += inarray( 14} * -.150009;,
feature2[6] = 1 /(1 + exp(-netsum)):

netsum = 90723 5§;

netsum += inarray|0] * -4.788719;
netsum += inarray(1] * 1.544868:
netsum += inarray[2] * 2.137923;
netsum += inarray{3] * .6501429;
netsum += inarray[4] * 1.509744;
netsum += inarray[5] ¥ -.552145;
netsum += inarray[6] * .7359388;
netsum += inarray[7) * -.3814477,
netsum += inarray[8] * .207289;
netsum += inarray[9] * -.3526275;
netsum += inarray[10] * .7480308;
netsum += inarray{11] *-.7977181;
netsum += inarray[12] * 1.289536;
netsum += inarray[ 13} * .1694474;
netsum += inarray[14] * -.1155627;
feature2{7] = 1/ (1 + exp(-netsum));

netsum = .2858913;

netsum += inarray[0] * -1.584813;
netsum += inarray[1] * 3.49939;
netsum += inarray[2] * -1.439081;
netsum += inarray[3] * .1945082;
netsum += inarray[4] * -2.07647,
netsum += inarray| 5] * -6.070224F-03;
netsum += inarray[6] * -.3148423;
netsum += inarray[ 7] * .3856115;
netsum += inarray[ 8] * -.1825979;
netsum += inarray{9] * .2919024;
netsum += inarray[ 10] * -.3072858;
netsum += inarray[11] * 1.34602;
netsum += inarray[12] * -.3143554;
netsum += inarrayf[13] * -.6019555;
netsum += inarray[14)] * -.4247503;
feature2{8] = [ /(1 + exp(-netsum));

netsum = -.3141774;

netsum += feature2{0] * .2389331:
netsum += feature2(1] * -.54418;
netsum += feature2(2] * -1.70218;
netsum += feature2[3} * 1,199972;
netsum += feature2[4] * -.4256195;
netsum += feature2[5] * -.2628123:
netsum += feature2[6] * .1917116;
netsum += feature2(7] * 1.139177;
netsum += feature2[8] * .2864685;
outarray[0] = 1/ (1 + exp(-netsum));
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netsum = - 559104%:

netsuin += feature2[0] * - 6554778
netsum += feature2{1] * - 1268542:;
netsum += feature2[2] * 4580247:
netsum += feature2[3] * -] 403934

netsum += {cature2[4] * -5.491569E-02:

netsum += feature2[5]) * -.1763379:
netsum += feature?2{6] * .2373756;
netsum += feature2[7] * 1.29709;

netsum += featurc2[8] * 2638615:
outarray[ 1] = 1 /(1 + exp(-netsum));

netsum = .1457091:

ncisum += feature2{(J] * .5011446;
netsum += feature2[1] * .217678;
netsum += feature?[2] * 1.359661;
netsum += feature2{3] * 0896292
netsum += feawre2(4] * - 1945114;
netsum += feature2[5] * .3449]56;
netsum += feature2| 6] * - .4215003;
netsum += feature2[7] * -2.235487;
netsum += feature2|[8] * -,5853001;
outarray[2] = 1 /{1 + exp(-netsum));

netsum = -.5933613;

netsum += feature2[0] * 1887896
netsum += feature2[1] * - 4963281 :
netsum += feature2{2] * 1.171266;
netsumn += feature2[3] * -.2313004;
netsum += feature2[4] * -.127795;

netsum += feature2{5] * -8.012733E-02:

netsum += feature2{6] * .5547236;
netsum += feature2[7] * 5958884;
netsum += feature2[§] * -1.437345;
outarray[3] = 1/ (1 + exp(-netsum));

netsum = -2.756067E-03;

netsum += feature2[0] * -.2146351;
netsum += feature2[1] * .4711423;
netsum += feawre2[2] * -1.461678;
netsum += feature2[3] * -.1164255;

netsum += feature2[4] * 5.208082F-02;

netsum += feature2[5] * .4290704;

netsum += feature2[6] * 5.005599E-02;

netsum += feature2[7] * -.7152472;
netsum += feature2[8] * -.4304705;
owarray[4]} =1/ (] + exp(-netsum));

netsum = -.1631336: ‘

netsum += feature2[0] * -9.112045E-03;

netsum += feature2[1] *..1418273;
netsum += feature2{2] * .3139661:
netsum += feature2[3] * .4594962;
netsum += feature2[4] * -.5077903;
netsum += feature2[5] * -. 7215487,
netsum += feature2[6] * -.6620205;
netsum += feature2[7] * .1405424;
netsum += feature2[8) * 1.835448;
outarray[5] = 1 / (1 + exp(-netsum));

netsum = .1286572;
netsum += feature2{0] * -1.496963;
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netsum += feature2{1]* .6675627;

netsum += feature2[2] * 3.467289E-02:

netsum == feature2[3] * -.21138K:
netsum ~= feature2[4] * 402212},
netsum == featurc2[5] * 9.279378E-02;
nctsum += feature2{6] * .221469:
netsum += feature2|7] * -1.08096;
netsum ~= feature?[8] * 569686
outarray{6] = 1 /(1 + exp(-netsum)):

netsum = -.307033:

netsum == feature2{(] * -.2450359:
netsum ~= feature2[1] * -1.057701;
nctsum == feature2{2] * .643000;
netsum ~= feature2[3}* 1.318899;
netsum += feature2f{4} * -.593664;
netsum += feature2[5] * -.3161325;
netsum += feature2(6) * .6486963;
netsum ~= feature2|7] * -.2953574;
netsum += feature2[8] * 2141867:
outarray{7] =1 /(1 + exp(-netsum));

netsum = -2,572132E-03;

netsum += feature2{0] * 1.719462;
netsum += feature2[1] * - 3831635;
netsum += feature2(2] * -.6865217;
netsum += feature2[3] * -1.433495;
netsum += feature2[4] * -.1088401 ;
netsum += feature2[5] * 1.501535E-02;
netsum += feature2[6) * -.8874764;
netsum += feature2[7] * 1.299559;
netsum += feature2[8} * -.7590157;
outarray[8] = 1/ (1 + exp(-netsum));

netsum = -.3838195;

netsum += feature2[0] *-.1236574;
netsum += feature2[1] * -.9973538;
netsum += feature2[2] * .7501443;
netsum += feature2[3] * 1.06568;
netsum += feature2[4] * -.3194561;
netsum += feature2[5] * .4040247;
netsum += feature2[6] * -1.106399:;
netsum += feature2[7] * -.2665701 ;
netsum += feature2[8) * .2000748;
outarray[9] = 1 / (1 + exp(-netsum));

netsum = .253037:

netsum -= feature2[0] * .0630246;
netsum += feature2[ 1] * .3430368:
netsum += feature2[2] * -.9319632;
netsum += feature2[3] * -.5230323;
netsum += feature2[4] * .1765063;
netsum += feature2{5] * -.2045487;
netsum += feature2[6] * -1.250098;
netsum += feature2[7) * 4.259654F-02;
netsum += feature2[8] * -.1516763:
outarray[10] = | / (1 + exp(-netsum)):

netsum = -.5481886;

netsum += feature2[0] * .1021582;
netsum += feature2[ 1] * .2943085:
netsum += feature2{2] * .166375:
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netsum += fcature2[3] * - 4570191 ;
netsum += feature2fd] * - 2535¢-
netsum += feature2[5] * - 6339683:
netsum += feature2[6] * 2.116526;
netsum += feature2[7]) * 342081
netsum += featurc2[&] * - 1411358:
outarray[11] = 1 /(1 + exp(-netsum));

netsum = -.1036133;
nctsum += feature2 [0
netsum += featurc2|]
netsum += feature2{2] *

netsum += feature2[3] *

netsum += feature2{4] * 2028816:
netsum += featurc2[5] * -.1521696;
netsum += featurc2[6] * .1656087;
netsum += featurc2{7} * -.2721972:
netsum += feature2[8] * 3705154;
outarray[12] = 1/ (1 + exp(-netsum));

* 1.514996:
*..5860161:;
-473146:
-.5940139;

netsum = -.2633717;

netsum += feature2[0] * .9698912;
netsum += feature2[1] * -.680374;
netsum += feawre2[2] * .3501442;
neisum += feature2[3] * -.4401273;
netsum += feature2[4] * - 3729998;
netsum += feature2[5] * -.5060975;
netsum += feature2[6] * .1538693;
netsum += feature2[7] * - 320682;
netsum += feature2{8} * 2357144;
outarray[13}=1 /(1 + exp(-netsum));

netsum = -.1887729;

netsum += feature2[0] * -2.338608;
netsum += feature2[1] * .5265903;
netsum += feature2[2] * .0815384;
netsum += feature2{3] * .7473056;
netsum += feature2[4] * -.1151378;
netsum += feature2[5] * 6119967,
netsum += feature2{6] * -.3616328;
netsum += feature2[7] * .5329512;
netsum += feature2[8] * -.6226013;
outarray[14] = 1 / (1 + exp(-netsum));

outarray[0] = (outarray[0]-.1)/ .8 ;
if (outarray[0]< 0) outarray[0] = 0;
if (outarray[0}> 1) ouwtarray[0] = 1;

outarray[ 1] = (outarray[1]-.1)/.8:
if (outarray[1}< 0) outarray[1]= 0;
if (outarray[1]> 1) outarray{1]= 1,

outarray[2] = (outarray[2}-.1)/.8;
if (outarray[2]< 0) outarray[2] = 0;
if (outarray[2]> 1) outarray[2] = 1;

outarray[3] = (outarray[3] -.1)/ .8
if (outarray[3]< 0) outarray[3]= 0:
if (outarray{3]> 1) outarray[3] = 1;

outarray{4] = (outarray[4]-.1)/.8;



i toutarray[4] O) outarray(4] 0.
i (outarray[4] - 1) outerrav{4] -

outarray[5] = (outarray{S] - .1)/ &
if (outarray[ 5]~ 0) outarray| 5] = O:
if (outarray[5]~ 1) outarray[5] = |
outarray|6] = (outarray[6] - 1)/ .5 :
if (outarray[6]< 0) outarray[6] = ()
if (outarray[6]> 1) outarray|6] = 1:

outarray| 7] = (outarray|7] - 1)/ % :
if (outarray[ 7]< 0) outarray[7] = O:
if (outarray{7]> 1) outarray(7] = 1

outarray[8] = (outarray[&]- .1}/ .%:
if (outarray| 8]< 0) outarray{ 8] = 0;
if (outarray[8]> 1) outarray[ 8} = 1:

outarray[9] = (outarray(9]-.1)/.§;
if (outarray[9]< 0) owtarray(9] = (;
if (outarray[9)> 1) outarray[9] = 1.

outarray[ 10] = (outarray[10]-.1)/ .8;
if (outarray{ 10}< 0) outarray{10] = 0;
if (outarray[10]> 1) owarray[10]) = 1,

outarray[11] = (outarray{11]-.1)/.8;
if (outarray[11]< 0) outarray[11] = 0;
if (outarray[11}> 1) outarray[11] = 1;

outarray[12] = (outarray{12]-.1)/.8;
if (outarray{12]< 0) ouwtarray[12] = 0;
if (owmarray[12]> 1) outarray[12] = 1;

if (outarray{ 1 3]< 0) outarray(13]

outarray[13] = (outarray{13]-.1)/
if (outarray[13]> 1) outarray[13] =

8,
0;
|H
outarray[14] = (outarray[14] - B )/ .8;

if (outarrayf 141< 0) outarray[ 14] = 0;
if (outarray[14]> 1) outarray{14] = 1;
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Appendix D2: Neural Weights for Mean Flowtime network

/* Insert this code into vour C program 1o fire the CNSHELL2'SPT&PTWINQ&LWKR network *
/* This code is designed to be simple and fast for porting to any machine */ e

/* Therefore all code and weights are inline without looping or data stora e ¥

which might be harder to port between compilers. */ o

#include “math.h>

void neuro_dispaich{dnuble *inarray, double *outarray)
, )

double netsum:
double feature2|{20].

/* inarray[()]) is B */

/* inarray[1]1s C */

/* inarray[2] is D */

/* inarray[3] is E */

/* inarray[4] is F */

/* inarray[5)is G */

/* inarray|[6] is H */

/* inarray[ 7] 1s 1 ¥/

/* inarray[8] is J */

/* inarray[9] is K */

/* inarray[10] is L */

/* inarray[11] is M */
/* inarray[12] is N */
/* inarray[13]is O */
/* inarray[14] is P */

/* outarray[Q] is Q */

/* outarray[1] is R */

/* outarray[2] 15 S */

/* outarray[3] is T */

/* outarray[4]) is U */

/* outarray[5] is V */

/* outarray[6] is W */
/* outarray[7) is X */

/* outarray{B] is Y */

/* outarray[9] is Z */

/* outarray[10] is AA ¥/
/* outarray[11] is AB */
/* outarray[12] is AC */
/* owmarray[13] is AD */
/* outarray[14] is AE */

if (inarray|0]< .33) inarray[0] = .33:
if (inarray[0]> 1) inarray[0] = 1:
inarray[0] = (inarray[0] - .33)/.67:

if (inarray[1]< .31) inammay[1] = .31;
if (inarray[1]> 1) inamray[1]= 1:
inarray[ 1] = (inarray[1] - .31)/ .69:

if (inarray[2]< .32) inarray[2] = .32:
if (inarray[2])> 1) inarray[2] = 1;
inarray[2] = (inarray[2] - .32)/.68:
if (inarray[3]< .31) inarray[3] = .31:
if (inarray[3]> 1) inarray[3] = 1.
inarray[3] = (inarray[3] - .31)/.69;

if (inarray[4]< .34) inarray[4] = .34;
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if (inarray[4]> 1) inarray{4] = 1
inarray[4] = (inarray[4] - .34)/.66;

 (inarray|5}< .49) inarray[S] = .49:
if (inarray|[5]> 1) inarray{5] = 1;
inarray[S] = (inarray([5] - .49)/.51;

if (inarray[6]< .51) inarray[6] = .51;
if (inarray[6]> 1) inarray(6] = 1.
inarray[6] = (inarray[6] - .51)/.49;

if (inarray| 7)< .53) inarray{ 7] = .53:
if (inarray[ 71> 1) inarray{7] = 1;
inarray| 7] = (inarray[ 7] - .53)/ .47;

if (inarray[R]< .55) inarray[8] = .55;
if (inarray[8]> 1) inarray{8] = 1:
inarray(8] = (inarray[8] - .55)/.45:

if (inarray[9]< .57) inarray[9] = .57;
if (inarray[9]> 1) inarray[9] = 1.
inarray|{9] = (inarray[9] - .57)/ .43;

if (inarray[10]< .22) inarray[10] = .22;
if (inarray[10]> .93) inarray[10] = .93;
inarray[10] = (inarray[10] - .22)/.71;

if (inarray[11]< .25) inarray[11] = .25;
if (inarray[ 11]> .92) inarray[11] = .92;
inarray[11] = (inarray[11] - .25)/.67;

if (inarray(12]< .22) inarray[12] = .22;
if (inarray[12]> .96) inarray[12] = .96;
inarray[12] = (inarray[12] - .22}/ .74;

if (inarray[ 13]< .22) inarray[13] = .22;
if (inarray[13]> .95) inarray[ 13] = .95;
inarray[13] = (inarray[13]} - .22)/.73;

if (inarray[14]< .23) inarray[14] = .23;
if (inarray[ 14]> .96) inarray[14] = .96;
inarray[ 14] = (inarray[14] - .23)/.73;

netsum = -2.127025;

netsum += inarray[0] * -1.534661:
netsum += inarray{ 1] * 1.385606;
netsum += inarray[2] * -1.67123;
netsum += inarray[3] * -.2299798:
netsum += inarray[4] * 5.66486: -
netsum += inarray[5] * - 4372981
netsum += inarray[6] * -.5978695;
netsum += inarray[7] * -.5532722;
netsum += inarray[ 8] * -.4884661;
netsum += inarray[9]} * -.6174343;
netsum += iparray[10] * -.3179735;
netsum += narray[11] * -.7406918;
netsum += inarray(12] * -.3327855;
netsum += inarray[ 13] * -.5212398:
netsum += inarray[ 14] * -1.144423;
feature2[0] = 1/ (] + exp(-netsum));

netsum = ,1270918;
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netsum += inarray[()] * 5.635597E-02:
netsum += inarray[ 1] * 2.101648:
netsum += inarray[2] * - 315801 &:
netsum += inarray|3] * -.2156307:
netsum += inarray{4] * 2873424
netsum += inarray|5) * -7.687316E-02-
netsum += inarray|6) * -8.572415E-02:
netsum += inarray{7] * -.2063143:
netsum += inarray| 8] * -.2226138:
netsum += inarray{ 9} * -.2139049:
netsum += inarray| 10) * -.2817429;
netsum += inarray{11] * .1300127;
netsum += inarray[12] * 4.634594E-02:
netsum += inarray( 13] * -8.277769E-02:
netsum += inarray| 14] * .2510398:
feature2[1] =1 /(1 + exp(-netsum));

netsum = -.3106934:

netsum += inarray{0] * - 3552261
netsum += inarray[ 1] * .1258201:
netsum += inarray[2] * .2594771;
netsum += inarray[3] * .1737312;
netsum += inarray]4] * -7.878974E-02;
netsum += inarray[5] * -.1456324;
netsum += inarray[6] * .1960943;
netsum += inarray[7] * .2037766;
netsum += inarray[8] * -.2186606;
netsum += inarray[9] * 5.458169E-02:
netsum += inarray[10] * .2276493:
netsum += inarray[11] * .1183151;
netsum += inarray[12] * .1211713;
netsum += inarray[13] * -5,.565529E-02;
netsum += inarray[14] * - 2561574;
feature2[2] = 1 /(1 + exp(-netsum));

netsum = -1.454346;

netsum += inarray[0] * -1.93679;
netsum += inarray[ 1] * -3.000002;
netsum += array{2] * -1.563219;
netsum += inarray{3] * -1.450586;
netsum += inarray[4] * 6.923056;
netsum += inarray[5] * -7.124248E-02;
netsum += inarray[6] * -.2007552;
netsum += inarray[7] * 7.105684E-02;
netsum += inarray[ 8] * -.3891807;
netsum += inarray[9] * -9.084614E-02;
netsum += inarray{ 10] * -.2354679;
netsum += inarray[11] * .1472126;
netsum += inarray[12] * -.3897824;
netsum += inarray[13] * -.4571439;
netswin += inarray[14] * -.9498448;
feature2[3] = 1/ (1 + exp(-netsum));

netsum = .4064647;

netsum += inarray[0] * 6.080595E-02;
netsum += inarray[1] * .5041848;
netsum += inarray[2] * -8.277338E-02;
netsum += inarray[3] * -4.359403;
netsum += inarray{4] * .2567576;
netsum += inarray[5] * -.1333682;
netsum += inarray[6] * -.1788362;
netsum += inarray[ 7] * -6.317507E-03;
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netsum += inarray| 8] * 3.181771E-02;
netsum += inarray|Y] * -2.644823E-03;
netsum += inarray| 10] * -.4072654:
netsum += inarray[ 117 * .2850039:
nctsum += inarray{ 12] * -1.406715E-02:
netsum += inarray| 13] 7 1,495292:
netsum += inarray| 14] * -6.633072E-03;
feature2{4] = 1/ (1 + exp{-netsum));

netsum = 3.044856:

netsum += inarray] (1) * 2.98366;
netsum == inarray[ 1] * 9.195838E-02:
netsum += inarray[ 2] * -.8917376:
netsum += inarray|3] * -.5956516:
netsum += jparray[4] * .4019775:
netsum += inarray[S] ¥ -.2431124;
netsum += inarray| 6] * -.4644013:
netsum += inarray( 7] * - 479797§;
netsum += inarray[8) * 5.842389E.-02;
netsum += inarray{9] * -.5646109;
netsum += inarray{ 10] * -.4507366:
netsum += inarray[11] * -.3701822;
netsum += inarray[ 12] * -4.062822E-02;
netsum += inarray| 13] * -.3810509;
netsum += inarray[ 14] * -.4784395;
feature2{5]=1/(1 + exp(-netsum));

netsum = 4,163668;

netsum += inarray[0] * 4.272491;
netsum += inarray[1] * -2.513001;
netsum += inarray[2] * -2.495854;
netsum += inarrayf[3] * -1.830051;
netsum += inarray[4] * -1.775271;
netsum += inarray[5] * -.3403684:
netsum += inarray[ 0] * -.1819456;
netsum += inarray[7) * -.2830323;
netsum += inarray[8) * -.4010035;
netsum += inarray[9] * .247472:
netsum += inarray[10] * -3.256461;
netsum += inarray[11] * -1.079243;
netsum += inarray{12] * -.4956464;
netsum += inarray[13) * -.6977581;
netsum += inarray[14] * -.744369;
feature2[6) =1/ () + exp(-netsum));

netsum = -1,064907:

netsum == inarray[0} * -1.259773;
netsum += inarray[1] * -1.361285;
netsum += inarray[2] * -1.633782;
netsum += inarray{3] * 4.440379;
netsum += narray[4] * -1.530057;
netsum += inarray[5] * .023477;
netsum += inarray[6] * -.5001901;
netsum += inarray[7] * -.4571561;
netsum += inarray[8] * -6.483155E-02;
netsum += inarray[9] * .3028651;
netsum += inarray[10] * -.4103746;
netsum += inarray[11] * .1935083:
netsum += inarray[12] * ,2063555;
netsum += inarray(13] * -.3256872;
netsum += inarray[14] * -.2339511:
feature2[7) = 1 /(] + exp(-netsum));
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nctsum = . 1447327:

netsum += inarray{ 0] * 1.20871 1E-02;
netsum += inartay[1] * -1 8431;
netsum += inarray[2] * 9.931198:
netsum += inarray|[3] * .785922}:
nelsum += inarrav[4] * - 7343228:
netsum += inarray|5] * -.5437335:
netsum += inarray| 6] * - 2232141:
netsum += inarray| 7] * - 4139314:
netsum += inarray{8] * -3.65996;
netsum += inamay[9] * 1.675354;
netsum += inarray|10] * -.2901072:
netsum += inarray[11] * - 326509;
netsum += inarray[12] * -.463695;
netsum += inarray[13] * -9.982181E-02:
netsum += inarray| 14] * -.2578963:
feature2[8] = 1 /(1 + exp(-netsum));

netsum = .6833475;

netsum += inarray[0] * .5996841:
netsum += inarray[ 1] * -8.933963E-02;
netsum += inarray[2] * -.1969835;
netsum += inarray[3] * .2354695;
netsum += inarray[4] * 2.379485;
netsum += inarray[S] * -.6763925;
netsum += inarray[ 6] * - 4754021
netsum += inarray[7] * 6.257617E-02;
netsum += inarray[8] * .5929466;
netsum += inarray[9] * 7.118178E-02;
netsum += inarray[10] * -.4555093;
netsum += inarray[11] * -.3480999;
netsum += inarray{12] * -.2399379;
netsum += inarray[13] * -4.061316E-02;
netsum += inarray{ 14} * -5.547979E-02;
feature2[9] = 1/ (1 + exp(-netsum));

netsum = 2.05816;

netsum += inarray[0] * 2.053436;
netsum += inarray[ 1] * -.544432;
netsum += inarray[2] * .4541343;
netsum += inarray[3] * -.1915346;
netsum += inarray[4] * -.3568715;
netsum += inarray[5] * -.2190787;
netsum += inarray[6] * -.5233611;
netsum += inarray[7] * -.274958;
netsum += inarray| 8] * -.3953035;
netsum += inarray[9] * -.3348909;
netsum += inarray[ 0] * -.4108803:
netsum += inarray[11] * -.1989731;
netsum += iparray[12] * -.377194;
netsum += inarray[13] * 3.258267E-02;
netsum += inarray[14] * 8.858351E-02;
feature2[10] = 1 / (1 + exp(-netsum));

netsum = -.4608839;

netsum += inarray[0] * -.5784227,
netsum += inarray[1] * -.41349606;
netsum += inarray[2] * -.2498437;
netsum += inarray[3] * 7.369254E-02;
netsum += inarray[4] * 4111851;
netsum += inarray[5] * -.645071;
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netsum += inarray| 6] * -.263820%:
netsum += inarray[ 7] * -8.220226E-02;
netsum += inarray[ 8] * .2338365:
nctsum += inarray| 9] * -.4312649:
netsum += inarray[ 10] * 1.3189%9:
netsum 4= inarray[11] * -.6365233:
netsum += inarray[12] * .390272:
netsum += inarray[13) * 1.793994:
nctsum += inarray[ [4] * -.3162§42:
feature2[11] = 1/(1 4 exp(-netsum)):

netsum = 2.085266:

netsum += inarray[0] * 1.929439:
netsum += inarray[ 1] ¥ .4223873:
netsum += inarray[2] * 9.113403E-02;
netsum += inarray[3) * 4.301021E-02;
netsum += inarray[4] * -5.955182:
netsum += inarray(5] * -1.898142E-02;
netsum += inarray[6] * .2580843;
netsum += inarray[7] * -.1405491;
netsum += inarray[8] * .198081:
netsum += inarray[9] * -6.756395E-02;
netsum += inarray[ 10] * -2.512729;
netsum +=1narray[11] * -1.975562:
netsum += inarray[ 12] * .2905951:
netsum += inarray[13) * .3234188§:
netsum += inarray[ 14] * 1.691879;
feature2{12) = 1/ (1 + exp(-netsum));

netsum = -.1084178;

netsum += inarray[0] * -.2052653;
netsum += inarray[ 1] * .1929678;
netsum += inarray[2] * .2697195;
netsum += inarray[3] * .7687581:
netsum += inarray[4] * -8.798962E-02;
netsum += inarray[5] * -.038018;
netsum += inarray[6] * -.1868947;
netsum += inarray([7] * -.223923¢;
netsum += inarray[ 8] * -8.798546E-03;
netsum += inarray[9] * .1866033:
netsum += inarray[10] * -4.679623E-02;
netsum += inarray[11] * -5.749673E-02;
netsum += inarray{12] * 1.084791E-02;
netsum += inarray[13] * 2.286516E-02;
netsum += jnarray| 14] * -.3621812:
feature2[13] = 1 /(1 + exp(-netsum)):

netsum = -1.368212;

netsum += inarray[0] * -1.516386:
netsum += inarray[1] *-1.312811:
netsum += inarray[2] * 3.834776:
netsum += inarray[3] * -1.949248;
netsum += inarray[4] * -1.077547;
netsum += inarray(5] * -9.715545E-02;
netsum += inarray[ 6] * -2.381796E-02;
netsum += inarray[7] * -.239951;
netsum += inarray[8] * -9.391313E-03;
netsum += inarray[9) * -5.04401 1 E-02;
netsum += inarray[10] * .190827;
netsum += inarray[11] * 4.736579E-02;
netsum += inarray[12] * -.2320667:
netsum += inarray{13] * -.1441375;
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netsum -+ = inarray{ 14] * -2 852006E-02:

featurc2[14]) = 1/¢(1 -~ exp(-netsum));

netsum = -.6073152:

netsum ~= inarray[(] * -.2516953:
netsum == inarray{ 1] * - 4811573-
netsum += inarray[2] * .24273%:
netsum += inarray{3] * 1.989%32:
netsum ~= inarray[4] ¥ -.609577:
netsum == inarrayl 5] * -.4903045:
netsum ~= inarray|6] * .3586577:
netsum = inarray| 7} * -.0742056-
netsum += inarray[&] * - 169801 1-
netsum ~= inarray[9] * 5.02062%E-02:
netsum += inarray{ 10] * .2822423:
netsum == inarray[11] * -9.924112E-02:
netsum ~= inarray( 12] * - .3541629:
netsum += inarray{13] * -.1074304:
netsum ~+= inarray[14] * - 284&5%1-
feature2[15] = 1 /(1 + exp(-netsum));

netsum = -.19364;

netsum += inarray[0] * .2215094;
netsum += inarray[1] * 2.662252E-02:
netsum += inarray[2] * 4.8301%3:
netsum += inarray[3] * -.2915323;
netsum += inarray[4] * -1.967856:
netsum += inarray[5] * .2577111:
netsum += inarray[6] * -.1678625:
netsum += inarray{7] * .18382%7:
netsum += inarray[8] * .04581:
netsum += inarray{9] * -.1416859;
netsum += inarray[10] * .1741706;
netsum += inarray[11] * .3041297;
netsum += inarray[12] * -2.209:
netsum += inarray[13] * -.3314497;
netsum += inarray[14] * .1475125;
feature2[16] =1/ (] + exp{-netsum));

netsum = -2,626755;

netsum += inarray[0] * -2.363863:
netsum -+= inarray[1]* 1.01529:
netsum += inarray[2] * -.213787:
netsum += inarray(3] * -.2568656:
netsum += inarray[4] * -.1444943:
netsum ~+= inarray[5] * .1128776:
netsum = inarray[6] * .1793339:
netsum ~= inarray[7] * -1.735728E-02;
netsum += inarray[8] * -.3037648§:
netsum += inarray[9] * -5.242693E-02;
netsum += inarray[10] * .3987421:
netsum += inarray[11] * .4650992;
netsum += inarray[ 12] * -.34305:
netsum += iparray[13] * -.3603955;
netsum += inarray[14] * 6.268135E-02,
feature2[17] = 1/(1 + exp(-neisum));

netsurn = .5671079:

netsum -+= inarray[0] * .7906501:
netsum += inarray[ 1] * -2.482796:
netsum += inarray[2] * .2383201;
netsum += inarray[3] * 1.422667;
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netsum += inarray{4] * 1.250559:
netsum += inarray| 5] * -.2164256:
netsum += inarray[6] * -.2014819;
netsum += inarray[7] * .3662656;
netsum += inarray[8] * .1328816:
neisum += inarray[9] * 3.565036E-02:
netsum += inarray[ 10] * -.2044796;
neisum 4= inarray[11]* -.1553417;
netsum += jnarray[ 12] * 6052962
netsum += inarray[13] * .1387127:
neisum += inarray| 14] * -.1252561:
feature2[18] = 1 /(1 + exp(-netsum));

netsum = -.3439108;

netsum += inarray((] * -.2622799;
neisum += inarray[ 1] * .6619859;
neisum += inarray[2] * -.2700452:
netsum += inarray[3] * 5.999915E-02;
netsum += inarray[4] * 4.309079,
netsum += inarray[5] * -3.464223E-02.
netsum += inarray[6] * -.177265;
netsum += inarray[7] * .2377198;
netsum += inarray[ 8] * 1.981383;
netsum += inarray[9] * 5.538443E-02;
netsum += inarray[ 10] * 2.151327E-02;
netsum += inarray[11] * .1784591:
netsum += inarray[ 12] * .2804021;
netsum += inarray[ 13] * .1073797;
netsum += inarray[14] * 1.576134E-02;
feature2[19] =1 /(1 + exp(-netsum));

netsum = - 4018244;

netsum += feature2[0] * -.6004633;
netsum += feature2{1] * .1079664;
netsum += feature2[2] * -5.970221E-02;
netsum += feature2[3] * -.2646531;
netsum += feature2[4] * -.8192776;
netsum += feature2[5] * -.2910616:
netsum += feature2[6] * 3.688971;
netsum += feature2[7] * -2.120626:
netsum += feature2[8] * .5011812;
netsum += feature2[9] * -.2401061;
netsum += feature2[10] * -.1371416; -
netsum += feature2[11] * .3884444;

netsum += feature2[12] * -3.652697E-02:

netsum += feature2[13] * -.4143871:
netsum += feature2[14] * -1.290449;
netsum += feature2[15] * .1108165:
netsum += feature2[16] * -.3153532;
netsum += feature2[17] * 9.063054;
netsum += featu:e2[18] * .2038849:
netsum += feature2[19] * -.3027286;
outarray[0] = 1/ (1 + exp(-netsum));

— T

netsum = .3021354;

netsum += feawre2[0] * .5562754:
netsum += feature2[1] * -3.721453E-02;
netsum += featre2[2] * 1274372,
netsum += feature2[3] * -.2567498;
netsum += feature2[4] * -.7406126;
netsum += feature2[5] * -.5004629:
netsum += feature2{6] * -1.118358;
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netsum += feature2{7] * - 42009%:
netsum ~+= feature2|8] * 3554352:
netsum += featurc2[9] * - 2985365:
netsum = feature2[ 10} * - 5600451
nctsum += feature2[11]* 11336511
netsum += feature2{12] * -.3710997:
netsum += feature2|[13] * -7.07461 8E-02:
ncisum += feature2[14] * 834084
netsum += feature2[15] * 5622373:
neisum += feature2[106] * -.2662526:
netsum += feature2[17] * 5.237437:
netsum += feature2| 18] * -.3949(04:
netsum += feature2[19] * - 3496082:
outarray{ 1] = 1 /(] + exp(-netsum)):

netsum = -2.538008E-0(2;

netsum += feature2{0] * -1.063963 E-02;
netsum += featurc2[1] * .1183521;
netsum += feature2(2] * 1714737,
netsum += feature2[3] * .3209237:
netsum += feature2[4] * 1.463832;
netsum += feature2[5] * .2554799;
netsum += feature2[6] * -3.548389;
netsum += feature2[7] * 1.80822:
netsum += feature2{8] * - 590492;
netsum += feature2[9] * .289912;
netsum += feature2[10] * .9830801;
netsum += feature2[11] * -.5915321;
netsum += feature2[12] * .3082871;
netsum += feature2[13] * 4.501532E-02:
netsum += feature2[14] * .7100854;
netsum += feature2[15] * 3.106604E-02;
netsum += feature2[16] * -.1417924;
netsum += feature2[17] * -16.6156;
netsum += feature2[18] * -7.406253E-02;
netsum += feature2[19] * -.1195654;
outarray[2] = 1 /(1 + exp(-netsum));

netsum = -4.347908;

netsum += feature2{0] * -4.47907;
netsum += feature2[1] * 1.432947,
netsum += feature2{2] * .571112;
netsum += feature2[3] * .6055597,
netsumn += feature2{4] * 3752851,
netsumn += feature2[5] * -.1683265:
netsum += feature2[6] * -.7025571;
netsum += feature2{7] * -1.964335;
netsum += feature2[8] * -.3396918;
netsum += feature2[9] * 6.758477E-03;
netsum += feature2[10] * -.3069955:
netsum += feature2[11] * 1.882676;
netsum += feature2[12] * .1543772;
netsum += feature2[13] * -.3090751;
netsum += feature2[14] * -2,520872;
netsum += feature2[15] * -1.261727E-02;
netsum += feature2[16] * 3.661972E-03:
netsum += feature2[17] * 11.65454:
netsum += feature2[18] * -1.169391;
netsum += feature2[19] * 3.663805.
outarray[3] = 1 /{1 + exp(-netsum}};

netsum = .770401;
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netsum += feature2[0] * 991416,
nctsum += feature2{1] * -1.889331:
netsum += feature2{2] * -.139139:
netsum = feature2|3] * 4393654
nctsum += feature2{4) * -.5469683:
netsum += feature2[S] * -.3776391.
netsum += feature2[6] * -.1153614;
nctsum += feature2[7]) * .45415;
nctsum += feature2[8] * 5.244106E-02:;
netsum += feature2{9] * -.2061416:
netsum += feature2[10] * .1450569:
netsum += feature2[11] * -1,786922,
netsum == feature2[12] * -.4290357,
netsum += feature2(13] * -.3400771.
netsum += feature2[14] * .3615972:
netsum += feature2[15] * 3.215213E-02;
netsum += feature2[16] * .2886165:
netsum += feature2(]7] * -8.394811;
netsum += feature2[ 18] * .9913402;
netsum += feature2[19] * -.3295543;
outarray{4] = 1/ (1 + exp(-netsum));

neisum = 3,686605;

nctsum += feature2[0] * 3.340854;
netsum += feature2[1] * -.3266241;
netsum += feature2[2] * -.383816;
netsum += feature?[3] * -.9007248:
netsum += feature2[4] * 2.365861E-02:
netsum += feature2[5] * -1.179796;
netsum += feature2(6] * 3.917684E-02;
netsum += feature2[7] * 1.091974;
netsum += feature2[8] * .1532727;
netsum += feature2[9] * .2134319;
netsum += feature2[10] * .1552497;
netsum += feature2{11] * -.130137,
netsum += feature2[12] * .1949993;
neisum += feature2[13] * -.2376275;
netsum += feature2{14] * 1.101267;
netsum += feature2[15] * -.0493302;
netsum += feature2[16] * -.2057998;
netsum += feature2[17] * -12.09187;
netsum += feature2[ 18] * -9.530596E-02;
netsum += feature2[19] * -2.167364;
outarray[5] = 1 / (1 + exp(-netsum));

netsum = .2261838;

netsum += feature2[0] * .6117795;
netsum += feature2[1] * .2556338:
netsum += feature2[2] * ,1104424;
netsum += feature2[3] * -1.76116;
netsum += featur.2{4)] * - 8814707;
netsum += feature2[5] * -.1399774;
netsum += feature2{6] * -.1515178:
netsum += feature2(7] * - 2513995;
netsum += feature2[8] * -.2032537;
netsum += feature2{9] * - 2282047:
netsum += feawure2[10] * .1178242;
netsum += feawre2{11] * 9.989554E-02;
netsum += feature2[12] * -.1187363;
netsum += feature2[13] * -.1588543;
netsum += feature2[14] * 8.299998;
netsum += feature2[15] * -.4917489;
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netsum - = fcaturc2(16] * -1.272974:
netsum - = feawre2(17] * -4.94897]-
netsum += {cature?[18] * 2373703:
nctsum == feature2{19] * - 1382%61 -
outarray[6] = 1 /(1 + exp(-nctsum));

netsum = 7143847,

nctsum += featurc2[0] * .9115762:
nctsum += feaure2(1] * -7.350495E-(2-
netsum += featurc2{2] * - 4156601
netsum += feature2[3] * - 7382054:
netsum <= feature2{4] * - 553445%:
netsum += feawre2[5] * 1255922:
netsum ~= feature2{6] * 49173%7:
netsum == feature2(7) * .1844895:
netsum += feature2{8} * - 5002103
netsum += feature2[9] * -4.216522E-02:
netsum += feature2[10] * -.4226763;
netsum += feature2[11] * .1202922:
netsum += feature2[12] * - 1485279:
netsum += feature2[13] * - 1823302;
netsum += feature2[ 14] * -1.62964;
neisum += feature2[15] * -.2875343:
netsum += feature2[16] * - .3986559:
netsum += feature2[17] * -3.04541:
netsum += feature2[18] * -1.760078 E-02:
netsum += feature2{19] * -.4441942:
outarray[7] = 1/ (1 + exp(-netsum)):

netsum = -1.106611;

netsum += feawre2{0] * -1.257366;
netsum += feature2[1] * -5.262233E-02;
netsum += feature2[2] * ,1283339;
netsum += feature2[3] * 1.897849;
netsum += feature2[4] * 1.263269;
netsum += feature2[5] * -.0826937;
netsum += feature2[6] * -4.663133E-02;
netsum += feature2[7] * .1077188;
netsum += feature2[8} * .9141859;
netsum += feature2[9] * -1.942981E-02:
netsum += feature?[10] * -.0170227;
netsum += feature2[11] * -.5775023;
netsum += feature2[12] * 6.083321E-02;
neisum += feature2[13] * .4448]1;
netsum += feature2[ 14] * -7.26222:
netsum += feature2{15] * .454815;
netsum += feature2{16] * 1.172065:
netsum += feature2f17] * 6.179174;
netsum += feature2[18] * -.2194533;
netsum += feature2[19] * 2.928195E-03:
outarray{8] = 1 /(1 + exp(-netsum)):

netsum = -.557344;

netsum += feature2[0] * - .8355444;
netsum += feawre2[1] * -.7298361;
netsum += feature2[2] * -9.908194E-02:
netsum += feature2[3] * -1.338743;
netsum += feature2[4] ¥ 2.726421:
netsum += feature2[5] * -.33690063;
netsum += feature2[6] * -1.602735;
netsum += feature2[7] * 5.736315;
netsumm += feature2[8] * .4491995;
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netsum += feature2|9] * -.26771;
netsum += feature2] 10] * -.3346169:
netsum += feature2[11] * .1424053:
netsum 4= feature2[ 12] *-.2673492:;
netsum += feature2[13] * 9.440368E-02:
netsum += feature2{14] ~ -1.682431:

netsum += feature2|15] * -6.719103E-02;

netsum += feature2[16] * -2724702;
netsum += feature2{17] * -8.343706;
netsum += feature2[ 18] * 4701097

netsum += feature2(19] * -4.028329E-02;

outarray[9]) = 1 /(1 1 exp(-netsum)):

netsum = 7294841,

netsum += feature2(0] * .478992:
netsum += feature2[1] % -.1699279;
netsum += feature2(2] * -.2918522:
netsum += feature2[3] * -.1400667;
netsum += feature2{4] * 3066254,
netsum += feature2[5] * 2507746
nelsum += feature2[6] * -.719865;
netsum += feature2{7] * -1.083979;
netsum += feature2[8] * -,3014532;
netsum += feature2{9] * -.300752;
netsum += feature2[10] * 2.493552E-02:
netsum += feature2[11] * -5.258249E-02:
netsum += feature2[12] * 7.411258E-02;
netsum += feature2[13] *-.1965154;
netsum += feature2{14] * .4011763:
netsum += feature2[15] * -1.669259;
netsum += feature2[16] * -3.424472E-02;
netsum += feature2(17] * -7.968295;
netsum += feature2[18] * -.602005;
netsum += feature2[19] * -6.404935E-02;
outarray[10] = 1 / (1 + exp(-netsum));

netsum = .362788;

netsum += feature2{0] * .0981926;
netsum += feature2[1] * 2.843576E-02;
netsum += feature2(2] * -.1703628:
netsum += feature2[3] * .8380809;
netsum += feature2[4] * -2.949265;
netsum += feature2[5] * .2401737;
netsum += feature2[6] * 1.392454;
netsum += feature2[7] * -5.736626:
netsum += feature2[8] * -.3045191:
netsum += feature2(9] * 7.248948E-02;
netsum += feature2(10] * -.2216617:
netsum += feature2[11] * 5.055316E-03;
netsum += feature2[12] * .1508938:
netsum += feature2[13] * .1570011;
netsum += feature2[14] * .8849996;
netsum += feature2[15] * 1.165793;
netsum += feature2[16] * .1073198;
netsum += feature2[17] * 10.06857:
netsum += feature2[18] * 2.068069E-02;
netsum += feature2[19] * .2028647;
outarray[ 1] =1/(] + exp(-netsum)):

netsum = .8200681;
netsum += feature2{0] * .9755294;
netsum += feature2(1] * - 2646338;
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netsum += feature2{2] * -.3214362:
nctsum += feature2[3] * 3.809073:
netsum += feature2{4] * - (6226831
netsum += featurc2[5] * -8.820433E-(2:
ncisum += featurc2[6] * -1.496528: .
netsum += feature2[7] * -1.773552:
netsum += feature2{8] * -9.658501E-(3:
netsum += featurc2[9] * -.6434142;
netsum += feature2|10] * - 3066177:

netsum += feature2[11] * -1 086938E-02:

netsum += feature2[12] * .9212445:
netsum += feature2{13] * - 5968158:
netsum += feature2[14] * -] 807871

netsum += feature2[15] * 3.398166E-()2:

netsum += feature2[16] * 2398897
netsum += feature2[17] * -5.194323;
netsum += feature2{18) * -.1639087:
netsum += feature2[19] * -.1660768;
outarray{12] = 1/(1 + exp(-netsum)):

netsum = -3.714114E-04;

netsum += feature2[0) * -.3926134;
netsum += feature2[ 1} * - .4836594;
netsum += feature2[2] * 2.011262E-02;
netsum += feature2{3] * -.6448963;
netsum += feature2[4] * -.2702846:;
netsum += feature2[5] * -3.631411E-02;
netsum += feature2[6] * -.6800619:
netsum += feature?[7] * -.5383763;
netsum += feature2[8] * -9.367502E-03:
netsum += feature2[9] * -.4512094;
netsum += feature2{10] * .7111861;
netsum += feature2[11] * -1.238454;
netsum += feature2[12] * .7630368;

netsum += feature2{13] * 5.750604E-(2;

netsum += feature2[14] * -.9760057,
netsum += feature2[15] * .3790655;

netsum += feature2[16] * -5.644364E-02;

netsum += feature2[17] * -.5015465;
netsum += feature2[18] * -.4474064:
netsum += feature2[19] * - 3726536:
outarray[13) = 1 /(1 + exp(-netsum));

netsum = -1.247646;

netsum += feature2[0] * -1.071091;
netsum += feature2?[1] * -2.893961E-02:
netsum += feawre2[2] * -2.861611E-02:
netsum += feature2[3] * -3.618598;
netsum += feature2[4) * .6013362;
netsum += feature2[5] * .1153496;
netsum += feature2[6] * 1.41837,
netsum += feawre2{7] * 1.492391;
netsum += feature2[8] * -.2125802;
netsum += feature2{9] * 1.506482;
netsum += feature2[10] * .3234671;
netsum += feature2[11] * 3145125,
netsum += feawre2[12] * -1.559603;

netsum += feature2[13] * 7.990149E-02:

netsum += feature2[14] * 2.460018;"
netsum += feature2{15] * .2015774;
netsum += feature2{16] * -.3996591;
netsum += feature2[17} * 7.581014;
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nctsum += featurc2{18] % .2085034;
netsum += feare2{19]* 2459512;
outarray| 14} = 1 /(1 4 expl-nctsum));

outarray] (] = (outarray[0]- .1)/ .8 ;
if (outarray][0]< 0) outarray(0] = 0,
if (outarray[0)> 1) outarray[0] = 1;

outarray[1] = (outarray(1]-.1)/.8 ;
if (outarray|1]< ) owmarray[1] = 0:
if (outarray[ 11> 1) owtarray{ 1] = 1:
outarray|2] = (outarray[2} - .1)/.8 ;
if {outarray|2]< 0) outarray[2] = 0;
if {outarray{2]>> 1) outarray[2]) = 1;

outarray[3] = (outarray[3]-.]1)/.8;
if (outarray[3]< 0) outarray(3] = 0;
if (outarray[3])> 1) outarray[3] = 1;

outarray[4] = (outarray[4]-.1)/.8;
if (outarray[4]< 0) outarray(4] = 0;
if (outarray{4]> 1) outarray({4] = 1;

outarray[5] = (outarray[5]-.1)/.8;
if (outarray[5]< 0) outarray[5] = 0;
if (outarray[5]> 1) outarray[5] = 1:

outarray[ 6] = (outarray[6]-.1)/.8 ;
if (outarray{6]< 0) outarray[6] = 0;
if {outarray[6]> 1) outarray[6] = 1;

outarray[7] = (outarray[7]-.1)/.8;
if (outarray[7]< 0) outarray[7) = O;
if (outarray[7]> 1) outarray[7] = I,

outarray[8] = (outarray[8]-.1)/.8;
if (outarray[8]< 0) outarray[8] = 0;
if (outarray[8)> 1) outarray[8] = 1;

outarray[9] = (outarray[9]-.1)/.8;
if (outarray[9]< 0) outarray[9] = 0;
if (outarray[9]> 1) outarray[9] = 1;

outarray[ 10] = (outarray[10]-.1)/.8:
if (outarray[ 10]< 0) outarray[ 10} = 0;
if (outarray[ 10]> 1) outarray[10] = 1;

outarray[ 11] = (outarray[11]-.1)/ .8 ;
if (outarray[11]< 0) outarray[11]= 0;
if (outarray[11]> 1) outarray[11] = 1;
outarray[12] = (outarray[12]-.1)/.8;
if (outarray[12]< 0) outarray[12] = 0;
if (outarray[12]> 1) outarray[12] = 1;
outarray(13] = (outarray[13]-.1)/ .8 :
if (outarray[13]< 0) outarray[13] = 0;
if (outarray[ 13]> 1) owtarray[13] = 1;
outarray[14] = (outarray[14]-.1)/ .8 :
if (outarray[ 14]< 0) outarray[14] = 0;
if (outarray[14)> 1) outarray{14] = 1;

1

)
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Appendix E1: -Comparison of BPNN with makespans from optimal rule combinations for n=10 to100

n=10 ggtimal—[ BPNN n=10 OptimaIT BPNN n=15  Optimal | BPNN n=15 | Optimal | BPNN
N10M1 845 845 | N1OM26 | 701 712 N15M1 1221 1272 | N15M26 | 1235 1235
N10M2 819 819 N10M27 872 890 N15M2 1151 1151 N15M27 1272 1463
N10M3 842 880 N10M28 604 661 N15M3 1127 1127 | N15M28 1081 1111
N10M4 762 762 | N1OM29| 793 793 N15M4 1014 1014 | N15M29 | 1125 1125
N10M5 604 604 N10M30 747 865 N15M5 1184 1184 N15M30 1055 1113
N10M6 815 815 N10M31 834 838 N15M6 1238 1248 | N15M31 1030 1051
N10M7 723 753 N10M32 722 781 N15M7 1216 1232 N15M32 1064 1102
N10M8 862 862 N10M33 547 567 N15M8 1205 1286 N15M33 1040 1040
N10M9 868 899 N10M34 847 922 N15M9 1103 1103 | N15M34 1146 1146
N10M10 766 766 N10M35 734 774 N15M10 1078 1088 |[N15M35°| 1184 1190
N10M11 800 931 N10M36 786 825 N15M11 1175 1281 N15M36 1185 1219
N10M12 827 828 N10M37 822 825 N15M12 1124 1124 | N15M37 1141 1166
N10M13 849 849 N10M38 785 795 N15M13 781 781 N15M38 1295 1295
N10M14 658 658 N10M39 763 811 N15M14 887 926 N15M39 1273 1285
N10M15 620 626 N10M40 540 573 N15M15 1141 1226 | N15M40 1218 1218
N1OM16 801 801 N10M41 694 733 N15M16 1083 1089 | N15M41 1140 1140
N10M17 555 555 N10M42 743 770 N15M17 1293 1293 | N15M42 957 957
N10M18 773 319 N10M43 731 736 N15M18 1218 1286 | N15M43 1199 1280
N10M19 535 535 N10M44 690 690 N15M19 1089 1165 | N15Md4 1116 1170
N10M20 | 872 878 [ N10M45| 722 722 N15M20 1169 1228 | N15M45 | 1159 1207
N10M21 757 757 | N10OM46 | 923 958 N15M21 974 994 | N15M46 | 979 979
N10M22 592 592 N10M47 777 820 N15M22 1067 1067 | N15M47 | 1299 1300
N10M23 629 641 N10M48 716 737 N15M23 844 852 N15M48 876 918
N10M24 | 811 901 N10M49 | 843 862 N15M24 1093 1129 | N15M49 | 1155 1181
N10M25| 693 693 [ N1OMS0 [ 723 731 N15M25 1042 1122 | N15SMS0 | 1246 1246

El




n=20 | Optimal | BPNN_| n=20 | Optimal | BPNN n=25 | Optimal | BPNN | n=25 [ Optimal | BPNN
N20M1 | 1532 1532 | N20M26 | 1450 1450 N25M1 | 1982 2028 | N25M26 | 1598 1598
N20M2 | 1426 1426 | N20M27 | 1196 1196 N25M2 | 1646 1654 | N25M27 | 2003 2003
N20M3 | 1167 1354 | N20M28 | 1492 1492 N25M3 | 1870 1870 | N25M28 | 2015 2039
N20M4 | 1566 1566 | N20M29 | 1368 1370 N25M4 | 1949 1049 | N25M29| 1538 1538
N20M5 | 1476 1490 | N20M30 | 1200 1307 N25M5 | 1903 1903 | N25M30 | 2033 2050
N20M6 1710 1748 N20M31 1634 1641 N25M6 1680 1680 N25M31 2042 2042
N20M7 | 1772 1781 | N20M32 | 1482 1482 N25M7 | 1838 1838 | N25M32 | 1878 1878
N20M8 | 1468 1468 | N20M33 | 1508 1543 N25M8 | 1978 1978 | N25M33| 2021 2021
N20M9 1455 14585 N20M34 1740 1827 N25M9 2023 2023 N25M34 1556 1556
N20M10 1639 1800 N20M35 1441 1441 N25M10 1727 1727 N25M35 1656 1656
N2oM11 | 1137 1196 | N20M36 | 1115 1167 N25M11 | 1817 1890 | N25M36 | 1894 1895
N20M12| 1643 1802 | N20M37 | 1386 1386 N25M12 | 1810 1810 | N25M37| 1708 1708
N20M13| 1476 1476 | N20M38 | 1557 1557 N25M13 | 1373 1439 | N25M38| 1501 1542
N20M14| 1194 1199 | N20M39 | 1446 1448 N25M14 | 1980 1080 | N25M39 | 1846 1864
N20M15| 1351 1351 | N20M40 | 1493 1493 N25M15 | 1693 1693 | N25M40 | 1824 1824
N20M16 | 1617 1617 | N20M41 | 1313 1313 N25M16 | 2019 2019 | N25M41| 1826 1881
N20M17| 1435 1474 | N20M42 | 1476 1476 N25M17 | 2058 2058 | N25M42 | 1586 1586
N2oM18| 1462 1462 | N20M43 | 1665 1666 N25M18 | 1889 1889 | N25M43 | 1817 1817
N20M19| 1496 1654 | N20M44 | 1482 1627 N25M19 | 1788 1899 | N25M44 | 1743 1743
N20M20 | 1441 1441 | N20M45 | 1336 1336 N25M20 | 1950 1950 | N25M45| 1880 1888
N20M21| 1327 1327 | N20M46 | 1626 1697 N25M21 | 1985 1085 | N25M46 | 1900 1900
N20M22 | 1445 1474 | N20M47 | 1624 1682 N25M22 | 1864 1864 | N25M47 | 1587 1587
N20M23| 1270 1270 | N20M48 | 1592 1592 N25M23 | 1611 1611 | N25M48 | 1877 1877
N20M24 | 1059 1059 | N20M49 | 1490 1490 N25M24 | 1769 1769 | N25M49 | 1695 1695
N20M25 | 1288 1304 | N20M50 | 1534 1534 N25M25 | 1709 1776 | N25M50 | 1612 1612
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n=30 Optimal | BPNN n=30 Optimal | BPNN n=35 | Optimal | BPNN n=35 | Optimal ] BPNN
N30M1 2270 2332 | N30M26 | 2254 2254 N35M1 2787 2793 | N35M26 | 2741 2741
N30M2 | 2097 2097 {N30M27 | 2325 2325 N35M2 | 2561 2561 | N35M27 | 2712 2712
N30M3 | 1788 1788 | N30M28 | 2282 2282 N35M3 | 2745 2780 [ N35M28 | 2595 2595
N30M4 | 1971 1971 | N30M29 | 2051 2057 N35M4 | 2361 2361 | N35M29 | 2020 2020
N30M5 | 2280 2280 | N30M30 | 2136 2136 N35M5 | 2727 2727 | N35M30 | 2808 2808
N30M6 | 2229 2385 | N30M31 | 1981 2075 N35M6 | 2707 2743 [ N35M31 | 2705 2705
N30M7 | 2016 2016 | N30M32 | 1973 1973 N35M7 | 2602 2772 | N35M32 | 2218 2218
N30M8 | 2426 2675 | N30M33 | 2047 2047 N35M8 | 2768 2768 | N35M33 | 2062 2174
N30M9 | 2219 2219 | N30M34 | 2238 2238 N35M9 | 2666 3099 | N35M34 | 2643 2685
N30M10| 1778 1790 | N30M35 | 2046 2050 N35M10 | 2622 2622 | N35M35 | 2544 2544
N30M11 2113 2166 N30M36 2456 2456 N35M11 2749 2749 | N35M36 | 2654 2654
N30M12 | 2149 2149 N30M37 2271 2271 N35M12 | 2334 2355 | N35M37 | 2066 2166
N30M13 | 2171 2171 N30M38 2181 2319 N35M13 | 2716 2716 | N35M38 | 2623 2623
N30M14 | 2151 2151 | N30M39 | 2238 2299 N35M14 [ 2743 2743 | N35M39 | 2569 2569
N30M15| 2053 2053 | N30M40 | 2172 2309 N35M15 | 2482 2482 | N35M40 | 2241 2241
N30M16| 2009 2045 N30M41 2377 2377 N35M16 | 2439 2459 | N35M41 2636 2636
N30M17 | 2104 2130 N30M42 2076 2091 N35M17 | 2654 2654 | N35M42 | 2397 2502
N30M18 | 2367 2367 | N30M43 | 2278 2391 N35M18 | 2308 2308 | N35M43 | 2123 2129
N30M19 | 2227 2356 | N30M44 | 2005 2005 N35M19 | 2585 2585 | N35M44 | 2592 2749
N30M20 | 2251 2273 | N30M45 | 2347 2628 N35M20 | 2670 2670 | N35M45 | 2496 2496
N30M21| 2049 2049 | N30M46 | 2132 2192 N35M21 [ 2308 2308 |[N35M46 | 2604 2604
N30M22| 2359 2359 | N30M47 | 2078 2078 N35M22 | 2254 2254 | N35M47 | 2192 2192
N30M23 | 2300 2300 | N30M48 | 2302 2391 N35M23 | 2555 2555 | N35M48 | 2255 2255
N30M24 | 2444 2444 | N30M49 | 2150 2252 N35M24 | 2725 2725 |[N35M49 | 2613 2613
N30M25| 1650 1650 | N3OM50 | 1964 1964 N35M25 | 2405 2405 |N35M50 | 2705 2705
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N

n=40 | Optimal | BPNN | n=40 | Optimal | BPNN n=45 | Optimal | BPNN | n=45 [ Optimal | BPNN
N4om1 | 2797 2797 | N4OM26 | 3033 3033 N45M1 | 3674 4104 | N45M26| 3274 3455
N4OM2 | 2621 2621 | N4OM27 | 3072 3072 NasM2 | 3348 3374 |N45M27 | 3301 3301
N4oM3 | 3079 3079 | NaoM28 | 3252 3456 N45M3 | 3208 3208 |N45M28| 2002 2902
N4OM4 | 3040 3040 | NAOM29 | 2882 2882 N45M4 | 2883 2883 | N45M29 | 3531 3531
N4OM5 | 2674 2752 | N4OM30 | 2999 3005 N45M5 | 3251 3251 | N45M30 | 3297 3207
N4OM6 | 2852 2862 | N4OM31 | 3120 3120 N45M6 | 3456 3456 | N45M31| 2846 2931
N4OM7 | 2111 2111 | N4OM32 | 2664 2681 N45M7 | 2899 2899 |N45M32| 3599 3637
N4OM8 | 2153 2183 | N4OM33 | 3065 3065 N45M8 | 3446 3446 |N45M33| 3394 3400
N4OMO | 2670 2670 | N4OM34 | 2901 2906 N45M9 | 3206 3206 |N45M34| 3047 3047
N4OM10| 2364 2364 | N4OM35 | 2981 2081 N45M10 | 2484 2484 |N45M35 | 3763 3922
N4OM11| 2952 2052 | N4OM36 | 2789 2789 N45M11 | 3034 3034 |N45M36 | 3135 3158
N4aoM12 | 2314 2314 | N4OM37 | 3080 3138 N45M12 | 2532 2638 |N45M37 | 2829 2829
N4OM13 | 2445 2445 | N4OM38 | 2511 2511 N45M13 | 2953 2953 | N45M38 | 3382 3382
N4OM14 | 2693 2603 | N4OM39 | 2722 2722 N45M14 | 3256 3310 |N45M39 | 3228 3228
N4OM15 | 2078 2241 | N4OM40 | 1979 1979 N45M15 | 3727 3792 |N45M40 | 3676 3676
N4OM16 | 3062 3062 | N4OM41 | 2321 2321 N4a5M16 | 3399 3415 |N45Ma1 | 2927 2927
N4OM17 | 2636 2636 | N4OM42 | 3003 3003 N45M17 | 3060 3060 |N45M42 | 2894 2894
N4OM18| 2706 2727 | N4OM43 | 3107 3123 N45M18 | 2749 2749 |N45M43| 3280 3352
N4aoM19| 3112 3112 | N4OM44 | 3101 3101 N45M19 | 3425 3425 | N45M44 | 2917 2017
N4OM20 [ 2843 2843 | N4OM45 | 2944 2044 N45M20 | 3060 3060 |N45M45| 3400 3400
N4OM21 | 2900 2900 | N4OM46 | 3264 3450 N45M21 | 3456 3456 | N45M46 | 2771 2781
N4OM22 | 2232 2232 | N4OM47 | 2953 2976 N45M22 | 3268 3268 |N45M47 | 3410 3845
N4OM23 | 3059 3059 | N4OM48 | 3254 3254 N45M23 | 3580 4289 |N45M48 | 3374 3374
N4OM24 | 2710 2713 | N4OM49 | 2388 2566 N45M24 | 3469 3469 | N45M49 | 3468 3481
N4oM25| 2512 2512 | N4AOM50 | 2829 2829 N45M25 | 2504 2553 | N45M50 | 3283 3283




n=55 | Optimal | BPNN | n=55_| Optimal | BPNN n=60 | Optimal | BPNN_| n=60 | Optimal | BPNN
N55M1 | 4111 4111 |N605M26| 3706 3706 N6OM1 | 4001 4001 |N6OM26 | 4500 4500
N55M2 | 4382 4407 | NB5M27 | 4209 4209 N6OM2 | 4556 4556 | NGOM27 | 4218 4218
N55M3 | 3786 3786 |N55M28 | 3855 3855 NBOM3 | 4562 4562 |NG6OM28 | 3348 3348
N55M4 3898 4090 N55M29 4124 4124 N60M4 4197 4197 N60OM29 4755 4811
N55M5 4084 4084 N55M30 4135 4138 N60MS5 3927 3927 N60M30 4669 4669
N55M6 | 3742 4037 | N55M31 | 4088 4173 N6OM6 | 4801 4801 |NGOM31| 4134 4134
N55M7 3956 3970 N55M32 3734 3753 N60M7 3915 3915 NGOM32 4556 4556
N55M8 3531 3531 N55M33 4282 4282 N60M8 4523 4523 N60M33 4406 4420
N55M9 4015 4015 N55M34 4303 4303 N60M9 3733 3733 N60M 34 3492 3495
N55M10 3625 3625 N55M35 3761 3761 N60M10 4697 4697 NB60OM35 4583 4583
N55M 11 4113 4113 N55M36 4225 4225 N60M11 3876 3876 NBOM36 3821 3821
N55M12 3964 3981 N55M37 3919 3919 N60M12 4546 4546 N60M37 4292 4292
N55M13 4413 4531 N55M38 3914 3914 N60M13 4148 4148 N60M38 4451 4451
N55M14 3586 3586 N55M39 4060 4060 N60M14 4585 4585 N60M39 4260 4260
N55M15 4321 4698 N55M40 3487 3487 N60M15 3186 3186 N60M40 4659 4659
N55M16 3771 3906 N55M41 3820 3820 N60M16 4599 4599 N60M41 4558 4627
N55M17 3950 4060 N55M42 3984 3984 N60M17 4225 4225 N60M42 4243 4243
N55M18 4205 4205 N55M43 3955 3955 N60M18 4443 4490 N60M43 4535 4535
N55M19 4281 4281 N55M44 4325 4325 N60M19 4135 4135 N60M44 4547 4773
N55M20 3670 3670 N55M45 3961 3965 N60M20 4060 4060 N60M45 4660 4660
N55M21 3920 3920 N55M46 4256 4256 N60M21 4770 4770 N60M46 3935 3935
N55M22| 3461 3461 | N55M47 | 4011 4011 N6OM22 | 4460 4460 |NBOM47 | 4657 4657
N5sM23| 4282 4282 | N55M48 | 4220 4220 N6OM23 | 3591 3703 |N6OM48 | 4552 4552
N55M24 3600 3600 N55M49 3768 3768 N60M24 4304 4304 N60M49 4274 4441
N55M25| 4451 4760 | N55M50 | 4106 4106 N6OM25 | 4574 4574 |NGOMS0 | 4379 4379
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n=75 | Optimal | BPNN | n=75 | Optimal | BPNN n=85 | Optimal | BPNN | n=85 | Optimal | BPNN
N75M1 | 5568 5568 | N75M26 | 5264 5264 N85M1 | 5950 5950 |N85M26| 6316 6316
N75M2 | 5536 5069 | N75M27 | 5836 5836 N85M2 | 5810 5819 |N85M27 | 6457 6457
N75M3 | 5246 5246 | N75M28 | 4985 4985 N85M3 | 6523 6523 |N85M28| 5559 5559
N75M4 | 4936 4936 | N75M29 | 5962 5962 N85M4 | 6274 6274 | N85M29| 5553 5553
N75M5 | 5544 5007 | N75M30 | 3991 3991 N85M5 | 5745 5745 |N85M30| 6054 6054
N75M6 | 5820 6161 | N75M31 | 5220 5220 N85M6 | 6642 6642 |N85M31| 5892 5892
N75M7 | 4026 4055 | N75M32 | 5792 5792 N85M7 | 5748 5806 |N85M32| 6046 6046
N75M8 | 5602 5602 | N75M33 | 5161 5161 N85M8 | 6781 6962 |N85M33 | 5660 5660
N75M9 | 5890 5890 | N75M34 | 5413 5436 N85M9 | 5835 5835 | N85M34 | 5871 5871
N75M10| 5433 5433 | N75M35 | 5526 5526 N85M10 | 6740 6740 |N85M35| 6243 6243
N75M11| 5794 5794 | N75M36 | 5372 5372 N85M11 | 5526 5526 | N85M36| 6169 6169
N75M12| 5503 5503 | N75M37 [ 5155 5157 N85M12 | 6446 6446 |N85M37 | 6412 6504
N75M13 | 5153 5153 | N75M38 | 4822 5010 N85M13 | 6242 6242 |N85M38| 6272 6272
N75M14 | 5244 5244 | N75M39 | 5823 5823 N85M14 | 5973 5973 |N85M39| 6263 6263
N75M15| 4750 5270 | N75M40 | 5714 5714 N85M15 | 6231 6231 |N85M40 | 4396 4464
N75M16| 5737 5737 | N75M41 | 5215 5215 N85M16 | 6485 6485 |N85M41| 6259 6259
N75M17| 5947 5974 | N75M42 | 5706 5751 N85M17 | 5512 5512 |N85M42| 6206 6206
N75M18 | 5712 5712 | N75M43 | 5154 5154 N85M18 | 6100 6100 |N85M43 | 6564 6564
N75M19| 5479 5479 | N75M44 | 5815 6093 N85M19 | 6345 6345 |N85Md4d | 6727 6741
N75M20 | 5364 5881 | N75M45 | 4914 4914 N85M20 | 6447 6447 | N85M45 | 5081 5081
N75M21 | 5870 5881 | N75M46 | 4343 4343 N85M21 | 5815 5815 |N85M46 | 5842 5842
N75M22| 4265 4265 | N75M47 | 5651 5651 N85M22 | 6603 6603 |N8sM47 | 6706 6706
N75M23|{ 5619 5650 | N75M48 | 5427 5427 N85M23 | 6513 6513 |N85M48| 5983 5983
N75M24 | 5692 5692 | N75M49 | 5779 5779 N85M24 | 5571 6108 | N85M49 | 4801 4801
N75M25 | 5470 5470 | N75M50 | 5578 5578 N85M25 | 6056 6056 |N85Ms50| 6138 6138
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n=100 | Optimal | BPNN | n=100 | Optimal | BPNN
N10OM1| 5379 5849 |[N10OM26| 7279 7279
N100M2 | 7571 7571 [N10OM27{ 7116 7118
N10OM3| 7187 7324 |N100M28| 6991 6991
N100M4| 6445 6445 |N10OM29| 5654 5654
N10OMS | 7727 7727 |N10OM30| 7737 7737
N10OM6 | 7382 7408 |N100M31| 6685 6685
N10OM7 | 7605 7605 |N100M32| 7244 7244
N100M8 7616 7616 |N100M33| 7410 7411
N10OMO | 6866 6866 (N10OM34| 7427 7427
N10OM10{ 7940 7952 ([N100M35| 6858 7113
N10OM11| 7810 7810 |N10OM36| 7497 7497
N10OM12{ 6931 6931 |[N100M37| 7739 7739
N100M13| 7705 7705 |N10OM38| 7571 7571
N10oM14] 7183 7183 |N100M39| 7709 7709
N10OM15{ 6204 6204 |N100M40| 5503 5516
N10OM16{ 6479 6479 [N10OM41| 7707 7707
N100M17| 5926 5926 |N100M42| 7178 7178
N100M18| 6189 6189 [N100M43] 6310 6491
N100M19| 7839 7839 |N100M44| 7210 7210
N10OM20] 7360 7388 |N100OM45| 5799 5799
N100M21} 6124 6124 |N10OM46| 7897 7901
N100M22{ 6901 6901 |N10OM47| 7037 7037
N10OM23| 6862 6862 |N100M48| 7212 7212
N100M24| 7667 7667 |N10OM49| 7526 7526
N10OM25| 6276 6276 |N100M50| 7244 7244
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Appendix E2: -Comparison of BPNN with Mean Flowtimes for optimal rule combinations for n=10 to 100

n=10 | Optimal | BPNN | n=10 | Optimal | BPNN n=15 | Optimal | BPNN | n=15 | Optimal | BPNN
N10F1 | 560.5  563.6 | N1OF26 | 471.2 4753 N15F1 | 782.60 794.67 | N15F26 | 791.67 807.73
N10F2 | 518 5546 | N10OF27 | 671.3  708.3 N15F2 | 678.67 679.27 | N15F27 | 7088  814.33
N10F3 | 5592  569.1 | N1OF28 | 4457  487.7 N15F3 | 754.87 781.67 | N15F28 | 67053  689.4
N10F4 | 5397  588.6 | N1OF29 | 502.6  512.2 N15F4 | 623.13 631.2 | N15F29 | 659.33  659.33
N1OF5 | 4008  409.4 | N1OF30 | 533.3  544.9 N15F5 | 750.53 756.53 | N15F30 | 704.13  748.67
N1OF6 | 5997  599.7 | N1OF31 | 5851  595.8 N15F6 | 77013 776.67 | N15F31 | 649.33  649.33
N10F7 | 510.7 5198 | N1OF32 | 5256  555.7 N15F7 | 77413 783.73 | N15F32 | 737.73  737.73
N10F8 | 621.2 633 | N10F33 | 371.2 3865 N15F8 | 816.87 823.33 | N15F33 | 6876  707.27
N10F9 | 6059 6059 | N1OF34 | 5902  619.6 N15F9 | 674.67 702.93 | N15F34 | 770.67  757.73
N10F10 | 534.6  534.8 | N1OF35 | 5147  544.1 N15F10 | 701.33 707 | N15F35| 672  798.93
N10F11| 569.5  579.9 | N10F36 | 5923  612.1 N1SF41 | 7092  732.4 | N15F36 | 586.53  758.2
N10F12 | 5354  562.7 | N1OF37 | 539.8  550.8 N15F12 | 656.47 656.47 | N15F37 | 600.8  732.07
N10F13 | 583.1  591.5 | N10F38 | 560.4 591 N15F13 | 49213 5152 | N15F38 | 6124  799.6
N10F14 | 4751 4799 | N10F39 | 5231  527.5 N15F14 | 5364 53853 | N15F39 | 819 78593
N10F15 | 464.7  469.2 | N1OF40 | 3911  391.1 N15F15 | 71353  720.6 | N15F40 | 651.13  830.67
N10F16 | 536.7  536.7 | N1OF41 | 4535 459 N15F16 | 687.07 698.87 | N15F41 | 707.33  713.67
N10F17 | 4047 4196 | N1OF42 | 5463 5555 N15F17 | 79813 834.07 | N15F42 | 799.13  637.67
N10F18 | 554.6  573.4 | N1OF43 | 5314  531.4 N15F18 | 7412 7442 | N15F43 | 5942  816.67
N1OF19| 3941 4062 | N1OF44 | 461.2  503.2 N15F10 | 688.93 720.13 | N15F44 | 7216  669.33
N10F20 | 633 648.8 | N1OF45 | 5089  522.5 N15F20 | 762.47  800.6 | N15F45 | 632.67 775.87
N10F21 | 508.2 583 | N1OF46 | 6417  658.9 N15F21 | 62587 646.47 | N15F46 | 716.13  646.93
N10F22 | 403.4  417.9 | N1OF47 | 5606  560.6 N15F22 | 659.73 684.33 | N15F47 | 726.47 8152
N10F23 | 3871  397.7 | N1OF48 | 524 541.5 N15F23 | 564.6  568.93 | N15F48 | 509.13 583
N10F24 | 558 500.8 | N10F49 | 582 609.2 N15F24 | 72133 74413 | N15F49 | 558.07  731.4
N10F25 | 5004  511.6 | N1OF50 | 4896  497.4 N15F25 | 633.87 656.73 | N15F50 | 807.93  826.6




n=20 | Optimal | BPNN [ n=20 [ Optimal | BPNN n=25 | Optimal | BPNN | n=25 [ Optimal | BPNN
N20F1 | 933.35 94595 | N20F26 | 867.25 876.15 N25F1 | 1186  1187.4 | N25F26 | 963.16  966.4
N20F2 | 896.5  897.8 | N20F27 | 7038  703.8 N25F2 | 961.2  974.48 | N25F27 | 1152.88 1168.36
N20F3 | 705.75 738.45 | N20F28 | 923.1  923.1 N25F3 | 1025.92 1026.92 | N25F28 | 1112 1120.12
N20F4 | 864.75 867.45 | N20F29 | 826.55  846.6 N25F4 | 1142.08 1210.16 | N25F29 | 824.96  827.2
N20F5 | 827.85 8527 | N20F30 | 7771  803.95 N25F5 | 1107.44 112552 | N25F30 | 1185.56 1209.96
N20F6 | 969.2 1050.05 | N20F31 | 952.35 9553 N25F6 | 972.08 972.08 | N25F31 | 1083.92 1098.64
N20F7 | 1052.35 1052.35 | N20F32 | 902.9  950.9 N25F7 | 1101.2 1106.04 | N25F32 | 1080.92 1086.4
N20F8 | 8244  830.15 | N20F33 | 862  866.3 N25F8 | 1082.12 1092.48 | N25F33 | 1250.16 1297.28
N20F9 | 848.05 92305 | N20F34 | 1019.8  1053.4 N25FQ | 1148.68 1160.12 | N25F34 | 866.6 870
N20F10 | 1013.83 1051.9 | N20F35 | 823.55 823.55 N25F10 | 1023.4 1038.76 | N25F35 | 958.72  970.8
N20F11 | 71045 71355 | N20F36 | 660.6  665.75 N25F11 | 1025.56 1025.56 | N25F36 | 989.76 1030
N20F12 | 1000.95 1018.25 | N20F37 | 780.35  787.9 N25F12 | 979.28 992.44 | N25F37 | 996.12 1002.04
N20F13 | 881.3 9322 | N20F38 | 97385 983.55 N25F13 | 820.08 837.04 | N25F38 | 846.08  880.6
N20F14 | 747.4  747.4 | N20F39 | 819.2  821.55 N25F14 | 1191  1226.6 | N25F39 | 1018.76 1028.96
N20F15 | 766.55 767.15 | N20F40 | 870.7  882.85 N25F15 | 967.72  967.72 | N25F40 | 1000.52 1000.68
N20F16 | 966.95 976.65 | N20F41 | 756.4  767.15 N25F16 | 114516 1147.64 | N25F41 | 1041.16 1056.24
N20F17 | 8706  870.6 | N20F42 | 858.35 858.35 N25F17 | 1144.44 1163.16 | N25F42 | 908.8  927.16
N20F18 | 857.15 859.45 | N20F43 | 10144  1051.8 N25F18 | 1029.08 1075.64 | N25F43 | 946.68  999.04
N20F19 | 917.7  917.7 | N20F44 | 908.6  910.9 N25F19 | 1031.52 1034.12 | N25Fd4 | 1036.6 105548
N20F20 | 859.3  873.9 | N20F45 | 787.4 8085 N25F20 | 1096.28 1096.28 | N25F45 | 1056.16 1109.72
N20F21 | 746.75  753.7 | N20F46 | 1034.45 1064.1 N25F21 | 1094 1101 | N25F46 | 1090  1135.52
N20F22 | 907.95 932.35 | N20F47 | 860.7  873.2 N25F22 | 1006.16 1014 | N25F47 | 948.72  979.84
N20F23 | 7438 7438 | N20F48 | 910.55 910.55 N25F23 | 933.92 93392 | N25F48 | 1058  1082.72
N20F24 | 640.7  649.3 | N20F49 | 900.35 900.35 N25F24 | 991.76  991.76 | N25F49 | 951.84  958.4
N20F25 | 802.25  876.2 | N20F50 | 903.35  910.9 N25F25 | 1034.84 1044.8 | N25F50 | 898.56  909.32

E9




n=30 | Optimal | BPNN | n=20 | Optimal | BPNN n=35 | Optimal | BPNN | n=25 | Optimal | BPNN
N30F1 | 122153 12348 | N30F26 | 12169 1228.13 N35F1 | 1455.86 1463.54 | N35F26 | 1547.09 1551.91
N30F2 | 1087.5 1092.3 | N30F27 | 1230.47 1234.4 N35F2 | 1369.2 1377.2 | N35F27 | 1390.77 1390.77
N30F3 | 1045.73 1174.57 | N3OF28 | 1264.03 1266.67 N35F3 | 1530.29 1575.51 | N35F28 | 1466.71 1480.31
N30F4 | 1127.37 1127.37 | N3OF29 | 1099 1099 N35F4 | 1302  1306.31 | N35F29 | 1062.49 1070.43
N30F5 | 1251.67 1270.87 | NAOF30 | 1189.37  1192.7 N35F5 | 1537.71 1557.34 | N35F30 | 1507.97 1507.97
N30F6 | 1268.93 1334.33 | N30F31 | 1128.33 11284 N35F6 | 149211 1528.63 | N35F31 | 1452.63 1464.26
N30F7 | 1058.77 1062.07 | N30F32 | 1166.37 1172.33 N35F7 | 154517 1545.17 | N35F32 | 1129.31 1135.46
N30F8 | 1289.8 1305.67 | N3OF33 | 1127.9 1149.87 N35F8 | 1449.03 1462.89 | N35F33 | 1043.17 1049.11
N30FQ | 1202.3 12045 | N30F34 | 1277.67 1277.67 N35F9 | 1393.40 1430.4 | N35F34 | 1482.43 1521.03
N3OF10 | 970.67 970.67 | N30F35 | 1168.63 1197.93 N35F10 | 1431.09 1460.29 | N35F35 | 1337.23 1363.14
N30F11 [ 1132.1  1168.67 | N30F36 | 1337.2  1349.87 N35F11 | 1491.40 1512.31 | N35F36 | 1567  1570.06
N30F12 | 1165.13 1176.07 | N30F37 | 1205.57 1205.57 N35F12 | 1273.09 1308.4 | N35F37 | 1184.31 1199.46
N30F13 | 1130 114823 | N30F38 | 1147.43 1192.17 N35F13 | 1497.54 1527.37 | N35F38 | 1353.23 1353.23
N30F14 | 1184.73 1206 | N30F39 | 12627  1266.5 N35F14 | 1472.49 1481.06 | N35F39 | 1381.89 1455.71
N30F15 | 1116.33 1116.8 | N30F40 | 11945 1195.83 N35F15 | 1318.34 1325.09 | N35F40 | 1214.06 1260
N30F16| 1100  1110.5 ( N30F41 | 1306.77 1342 N35F16 | 1320  1365.71 | N35F41 | 148397 1517.6
N30F17 | 1219.7 1250.63 | N30F42 | 1189.57 1229.03 N35F17 | 1367.89 1373.83 | N35F42 | 1303.6 1360.29
N30F18 | 1362.57 1368.73 | N30F43 | 1239.2 1251.37 N35F18 | 1298.31 1348.09 | N35F43 | 1136.23 1138.4
N30F19 | 127097 13284 | N30F44 | 1065.47 1065.47 N35F19 | 1382.11 1384.29 | N35F44 | 14436 1459.37
N30F20 | 1343.87 1350.87 | N30F45 | 1292.53 1316.83 N35F20 | 1421.09 1540.4 | N35F45 | 1334.06 1390.03
N30F21 | 1113.03 1113.03 | N30F46 | 1141.07 1180.23 N35F21 | 1200.46 1209.46 | N35F46 | 1414.83 1422.31
N30F22 | 1306.07 1306.17 | N3OF47 | 1089.97 11115 N35F22 | 1241.66 1286.06 | N35F47 | 1148.26 1150.4
N30F23 | 1229.43 123597 | N30F48 | 12362  1288.9 N35F23 | 1372.74 1391.91 | N35F48 | 1262.11 1305.97
N30F24 | 1374.87 1388.67 | N30F49 | 1148.43 1161.77 N35F24 | 1447.29 1456.03 | N35F49 | 1400.86 1469.4
N30F25 | 93217 938.43 | N3OF50 | 1076.3  1076.3 N35F25 | 1320.83 1320.83 | N35F50 | 1471.14 1489.69

E10




n=40 | Optimal | BPNN | n=40 | Optimal | BPNN n=45 | Optimai | BPNN | n=45 | Optimal | BPNN
N4OF1 | 1497.88 1520.03 | N4OF26 | 1535.4  1543.82 N45F1 | 2025.58 2053.73 | N45F26 | 1719.53 1741.91
N4OF2 | 144112 1457.12 | NAOF27 | 1664.8  1697.7 N45F2 | 174500 1771.33 | N45F27 | 1779.11  1792.64
N4OF3 | 1579.18 1579.18 | N4OF28 | 1685.53 1699 N45F3 | 1638.73 1642.69 | N45F28 | 1530.4 1540.64
N4OF4 | 1633.62 1647.25 | N4OF29 | 1578.85 1628.7 N45F4 | 1464.33 1464.33 | N45F29 | 1827.78 1827.78
N4OF5 | 1419.3 1505.28 | N4OF30 | 1604.07 1776.43 N45F5 | 1727.36 1729.22 | N45F30 | 1699.36 1720.6
N40QF6 1487 .9 1603.5 | N40OF 31 1629.6 1629.6 N45F6 | 1826.71 1849.04 | N45F31 | 1607.87 1677.02
NAOF7 | 1062.43 1062.43 | N4OF32 | 1512.62 1547.32 N45F7 | 1508.8 1527.11 | N45F32 | 1852  1875.42
NAOF8 | 1210.72 124815 | NAOF33 | 1638.45 1719.32 N45F8 | 1014.78 1947.49 | N45F33 | 1839.73 1845.76
N4OFQ | 1367.9 1380.8 | N4OF34 | 1504.07 1506.7 N45FQ | 1623.09 1624.98 | N45F34 | 1605.84 1651.53
N4OF10 | 1216 1216 | N4OF35 | 1638.35 1716.32 N45F10 | 1371.76 1378.56 | N45F35 | 1986.38 1986.38
N4OF11 | 1479.68 1481.12 | N4OF36 | 1551.5  1603.8 N45F11 | 1661.07 1721.38 | N45F36 | 1590.53 1594.31
N4OF12 | 1224.03 1271.3 | N4OF37 | 1729.65 1763.22 N45F12 | 1358.78 1424 36 | NARF37 | 1495.73 1530.24
N4OF13 | 1279.03 1281.3 | NAOF38 | 1211.12 12236 NASF13 | 1639.4 1644 | NASF38 | 1661.24 1669.29
N4OF14 | 143518 1448.35 | N4OF39 | 1407.9  1434.53 N45F14 | 1732.96 1757.8 | N45F39 | 1689.51 1689.73
N4QF15 | 1117.43 1132.47 | N4QF40 | 1058.75 1065.72 N45F15 | 1862.67 1892.04 | N45F40 | 1979.67 2028.33
N4OF16 | 1693.2 1716.45 | NAOF41 | 1199.78 1202.78 N45F16 | 175811 1799.38 | N45F41 | 1611.31 1642.44
N4OF17 | 1410.09 1457.03 | N4OF42 | 1579.95 1590.5 NASF17 | 165544 1697.91 | NASF42 | 1509.69 1571.18
N40F18 | 1475.73 1502.85 | N4OF43 | 1632.35 1668.97 N45F18 | 1370.36 1376.64 | N45F43 | 1740.67 1788.6
N4OF19 | 1649.03 1671.22 | N4OF44 | 1633  1649.25 N45F19 | 1835.53 1849.73 | N45F44 | 1566.33 1615.44
N4OF20 | 1554  1585.2 | N4OF45 | 1540.35 1540.35 NA5F20 | 1605.04 1617.78 | NA5F45 | 1821.58 1831.22
N4OF21 | 1509.62 1532.5 | NAOF46 | 1766.22 1821.53 N45F21 | 1823.44 1843.67 | N45F46 | 1491.69 1527.8
N4OF22 | 1198.72 1261.85 | NAOF47 | 1552.55 1554.35 N45F22 | 1696.71 1712.38 | N45F47 | 1872.42 1877.51
N4OF23 | 1567.7 1568.57 | NAOF48 | 1726.55 1726.82 N45F23 | 1920.98 1956.64 | N45F48 | 1867.93 1922.84
N4OF24 | 1516.28  1540.7 | NAOF49 | 121472 1216.7 N45F24 | 1799.60 1809.87 | N45F49 | 1875.16  1895.2
N4OF25 | 13405 1357.8 | N4OF50 | 1410.88 1410.88 N45F25 | 1384.47 1384.47 | N45F50 | 1725.31  1744.11

Ell




n=55 | Optimal | BPNN | n=55 | Optimal | BPNN n=60 | Optimal | BPNN | n=60 [ Optimal | BPNN
N55F1 |2097.36 2130.89 | N55F26 |1942.71 2025.45 NBOF1 |2086.93 2126.2 |NBOF26 |2242.73 224463
N55F2 |2272.09 2288.35 | N55F27 |2272.96 2352.35 NBOF2 |2236.13 2238.17 |N6OF27 |2101.72 2116.62
N55F3 | 1949.64 1949.64 | N55F28 |2063.78 2113.98 NBOF3 [2400.28 2400.28 |N6OF28 |1724.43 1760.8
N55F4 |2103.84 211502 |N55F29 |2141.93 2240.38 N6OF4 |2147.48 2150.03 |NGOF29 |2368.58 2380
N55F5 |2154.02 2150.02 | N55F30 (2137.78 2137.78 N6OFS |2054.78 2059.48 |N6OF30 |2507.32 2555.77
N55F6 |1980.65 1980.65 | N55F31 |2201.27 221256 N6OF6 [2465.25 2471.83 |N6OF31 |2169.57 2239.82
N55F7 |1970.53 2040.47 | NS5F32 |1970.87 1990.71 N60OF7 192217 1922.17 |N6OF32 |2318.53 2429.42
N55F8 |1766.71 1766.71 | N55F33 | 2272.6  2279.85 N6OF8 |2204.28 2204.28 |N6OF33 |2386.35 2477.6
N55FQ |2062.84 2070.75 | N55F34 |2114.49 2117.05 N60F9 |1910.17 2031.88 |NGOF34 |1885.15 1902.03
N55F10 |1892.93 1892.93 | N55F35 |1920.04 1924.13 N6OF10 | 2463.3 24755 |NBOF35 |2260.57 2262.43
N55F11 | 2187.91 2211.98 | N55F36 (2281.33 2281.33 N60OF11 | 192538 1925.38 |NBOF36 | 2011  2012.07
N55F12 | 2028.45 2028.45 | N55F37 |2046.85 2087.64 N6OF12 {2320.52 2320.52 |NBOF37 |2163.82 2164.8
N55F13 | 2375.44 247516 |N55F38 | 19454  1947.93 N6OF13 | 2201.5 2312.03 | NGOF38 |2312.53 2474.52
N55F14 | 1936.8 2016.31 | N55F3Q |2085.22 2086.2 NBOF14 |2247.55 2247.55 |N6OF39 |2197.25 2199.28
N55F15 | 2334.51 2356.69 | N55F40 | 1751.87 1773.6 NBOF15 |1718.22 1737.62 |NBOF40 |2373.08 2386.22
N55F16 | 2046.67 2111.53 | N55F41 | 1959.18 1960.85 NBOF16 |2250.02 2258.02 |NBOF41 |2428.48 2438.78
N55F17 | 1950.47 1972.11 | N55F42 |1940.84 1972.98 NBOF17 |2278.28 2279.2 |N6OF42 | 2256  2335.1
N55F18 | 2180.58 2180.58 | N55F43 |1954.76 1970.87 NBOF18 |2434.25 2502.22 |NBOF43 |2361.22 2363.17
N55F19 |2227.65 2283.24 | N55F44 | 2200.8 2204.85 NBOF19 |2136.57 2147.62 |N6OF44 | 2225  2227.68
N55F20 | 1934.2  1967.02 | N55F45 |2104.71 2104.71 NBOF20 |1966.78 1966.78 | NBOF45 |2204.48 2296.52
N55F21 | 1950.02 1954.8 | N55F46 |2216.45 2216.45 NBOF21 |2397.02 2397.43 |NGOF46 | 1973.8 1974.53
N55F22 | 1924.73 1925 | N55F47 |2059.38 2060.58 NBOF22 |2278.28 23445 |N6OF47 |2406.68 2416.08
N55F23 | 2262.87 2244.16 | N55F48 |2321.11 2351.49 NBOF23 [1921.82 1952.1 |NBOF48 | 2357 2378.88
N55F24 | 1857  1857.55 | N55F49 |1900.27 1900.27 NBOF24 |2141.77 2143.7 |NBOF49 |2274.28 2309.03
N55F25 | 2358.55 2379.04 | N55F50 | 2083.02 2083.02 NBOF25 |2383.47 2401.17 | NBOF50 |2272.98 2484.62

E12




n=75 OptimalT BPNN n=75 Optimal I BPNN n=85 Optimal | BPNN n=85 | Optimal ] BPNN
N75F1 | 2851.16 2991.17 | N75F26 | 2766.87 2884.39 N85F1 | 3047.98 3089.78 | N85F26 | 3317.27 3348.74
N75F2 | 2888.11 2901.88 | N75F27 | 3013.07 3061.61 N85F2 | 2061.82 3006.07 | N85F27 | 3097.36 3110.96
N75F3 | 2748.17 2766.13 | N75F28 | 2570.76 2588.56 N85F3 | 3330.11 3402.32 | N85F28 | 2798.93 2803.38
N75F4 | 2511.31 2541.51 | N75F29 | 3018.77 3027.73 N85F4 | 3181.13 3229.29 | N85F29 | 2765.48 2766.25
N75F5 | 2890.39 2998.4 | N75F30 | 1921.05 192457 N85F5 | 2815.17 2828.29 | N85F30 | 2939.81 311424
N75F6 | 2969.59 3030.85 | N75F31 | 2699.79 2719.08 N85F6 | 3370.56 3370.56 | N85F31 | 3002.96 3115.6
N75F7 | 2138.59 2141.04 | N75F32 | 2848.44 2848.65 N85F7 | 2951.12 2962.91 | N85F32 | 3118.47 3283.88
N75F8 2887 2887 N75F33 | 25656 2620.24 N85F8 | 3414.59 341479 | N85F33 { 2959.16 2879.38
N75F9 | 2931.55 2974.96 | N75F34 | 2694.89 2694.89 N85F9 | 3014.12 3019.28 | N85F34 | 2877.71 2887.12
N75F10 | 2832.8 2854.69 | N75F35 | 2804.84 2804.84 N85F10 | 344529 3507.76 | N85F35 | 3084.39 3107.14
N75F11 | 2087.37 2993.48 | N75F36 | 2678.88 2686.32 N85F11 | 2862.02 2872.59 | N85F36 | 3203.53 3241.13
N75F12 | 2734.88 27352 | N75F37 | 2617.49 269567 N85F12 | 3295.66 329566 | N85F37 { 3169.92 3172.2
N75F13 | 2700.99 2730.56 | N75F38 | 2482.28 2584 .56 N85F13 | 3244.08 3305.55 | N85F38 | 3077.67 3095.65
N75F14 | 2603.77 2612 N75F39 | 3022.65 3022.65 N85F14 | 2891.46 3021.85 | N85F39 | 3191.71 3250.72
N75F15 | 2494.01 2528 N75F40 | 2823.95 2828.83 N85F15 | 3142.85 3186.96 | N85F40 | 2162.98 2214 .61
N75F16 | 2908.52 3025.49 | N75F41 | 2642.83 2712.24 N85F16 | 3305.38 3357.52 | N85F41 | 3208.14 3251.32
N75F17 29086 3003.8 | N75F42 | 2881.43 2883.49 N85F17 | 2817.04 2884.08 | N85F42 | 3119.93 3188.22
N75F18 | 2805.21 2805.21 | N75F43 | 2592.92 2602.95 N85F18 | 3112.8 3182.36 | N85F43 | 31756 3177.66
N75F19 | 2698.67 2698.67 | N75F44 | 2848.63 2882.16 N85F19 | 3078.24 3080.74 | N85F44 | 3428.38 3432.4
N75F20 | 2769.4 2793.55 | N75F45 | 2391.95 2396.99 N85F20 | 3182.84 3313.68 | N85F45 | 2586.18 2606.24
N75F21 | 3021.55 3129.35 | N75F46 | 2172.41 217557 N85F21 | 2965.42 2977.95 | N85F46 | 2878.28 2878.28
N75F22 | 2088.49 2088.49 | N75F47 | 2736.45 2736.45 N85F22 | 3296.13 3309.12 | N85F47 | 3301.33 3301.33
N75F23 | 3021.55 2880.2 | N75F48 | 2582.29 2583.37 N85F23 | 3155.89 3228.99 | N85F48 | 3093.54 3093.54
N75F24 | 2032.59 2956.39 | N75F49 | 2049.23 3048.27 N85F24 | 2856.11 2872.75 | N85F49 | 2417.16 2433.12
N75F25 | 2834.67 2954.33 | N75F50 | 2722.45 2722.89 N85F25 | 3075.45 3118.69 | N85F50 | 3149.61 3215.18

El3




e -0a 9D

n=100

Optimal | BPNN

n=100

Optimal | BPNN

N100OF1
N100F2
N100F3
N100F4
N100FS
N100F6
N100F7
N100F8
N100F9
N100F10
N100F 11
N100F12
N100F13
N100F 14
N100F15
N100F16
N100F17
N100F18
N100F19
N100F20
N100F 21
N100F22
N100F23
N100F24

N100F25]

2585.32
3678.62
3461.73
3218.08
3923.19
3646.68
3827.34
3718.65
3457.39
3971.52
4022.08
3397.91
3803.01
3546
3084.2
3128.92
3063.13
3170.24
3792.36
3734.7
2913.15
3267.38
3305.38
3933.6
2985.09

2655.24
3679.99
3464.72
3218.08
4086.99
3646.68
3926.24
3718.65
3495.47
4000.86
4062.28
3520.62
4071 .1
3616
3137.01
3143.04
3075.42
3175.86
3808.72
3763.04
2913.16
3267.38
3312.41
4016.9
2990.76

N100F26
N100F27
N100F28
N100F29
N100F30
N100F31
N100F32
N100F33
N100F34
N100F35
N100F36
N100F37
N100F38
N100F39
N100F40
N100F41
N100F42
N100F43
N100F44
N100F45
N100F46
N100F47
N100F48
N100F49
N100F50

3458.92
3429.26
3469.93
2853.93
3919.49
3305.1
3643.62
3583.86
3709.51
3433.84
3671.19
3775.62
3850.58
3770.58
2721.59
3809.51
3603.32
3237.57
3614.89
2764.21
4021.82
3508.76
3509.49
3790.38
3602.44

3458.92
3430.57
3473.85
2861
3955.75
3305.1
3709.39
3593.1
3711.48
34446
3678.15
3775.62
3861.1
3770.58
2835.38
3812.03
3614.64
3241.3
3702.32
2777.81
4093.29
3577.05
3517.79
3821.67
3648.29
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