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1. Introduction

Manufacturing companies in the twenty-first century are
facing frequent and unpredictable market changes driven
by global competition, including the rapid introduction of
new products and constantly varying product demand. To
remain competitive, companies must design manufacturing
systems that not only produce high-quality products at low
cost, but also allow for rapid response to market changes and
consumer needs. For this reason, process planning and sche-
duling are considered two important functions and their
integration plays an important role in manufacturing system.

Process planning is a manufacturing system function that
translates the design data into the best method to manufac-
ture a part. In other words, process planning is defined as a
systematic determination of methods by which a product
needs to be manufactured (Chen and Khoshnevis 1990).
The process planning first generates process plan for each
part which includes determining the suitable manufacturing
resources (machines and tool), selecting set-up plans and
sequencing the machining operations. Process planning pro-
vides the fundamental input to the scheduling. Scheduling is
another manufacturing function which attempts to assign
manufacturing resources to the operations indicated in the
process plans in such a way that some relevant criteria, such
as due dates, are met (Gere 1966). Scheduling specifies the
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schedule of manufacturing resources on each operation for
the part according to the importance of jobs, availability of
resources and time constraint.

Earlier process planning and scheduling are considered
separately, each having its own aims and optimisation
norms. The main objective of process planning is to ana-
lyse the design requirement and overlook the potential of
integration with scheduling function. Limited attention has
been paid to the effect of shop floor conditions may have
on the desirability of process plans. Similarly, research on
scheduling has been primarily focused on construction of
efficient algorithms to different types of scheduling pro-
blems: flow shop, job shop, scheduling parallel machines
and so on. Most of the scheduling problems are nested
partition (NP)-hard in nature (Tan and Khoshnevis 2000).
Over the last few years, there are several methods which
attempts to integrate process planning and scheduling, but
the integration is limited functionality or compensated in
computational efficiency due to the NP-hard nature in the
problem.

Set-up planning is the critical bridge between process
planning and detailed operation planning in machine shop;
it is also intimate upstream for fixture planning (Zhang
and Lin 1999). The purpose of set-up planning for a part is
to ensure its stability during machining and more
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importantly guarantee the precision of the machining pro-
cess. The production control activities in a machine shop
consist of scheduling, job dispatching and status monitor-ing
where the set-up is most commonly used for the dispatching
and scheduling unit of machining task (Bauer et al. 1994).
Set-up planning is part of process plan which determines the
number of sequence and set-up (including machining
features grouping in each set-up) and part orientation in each
set-up based on availability of machine tools. An approach is
proposed to generate auto-matically feasible set-ups and
select optimal set-up plan for machining feature of a
prismatic part (Hebbal and Mehta 2008). Set-up planning
also considers the designing detail of the part, changing shop
floor conditions, which includes the availability and
capability of machine tools. However, opti-misation of a
process plan after set-up planning is limited to a specific
machine and determined by scheduling system, because
scheduling generally is performed after process planning.
Thus, set-up plan plays an important role for integration of
process planning and scheduling. In this arti-cle, an adaptive
set-up planning (ASP) algorithm is devel-oped to correlate
process planning and scheduling. In brief, the decomposed
process plans are embedded into group of generic set-ups
and merged to form a specific set-up that meets the
scheduling requirement (machining cost, make-span and
machine utilisation) according to the availability and
capability of machines of the given scheduling system.

The ASP problem under examination is an ideal com-
binatorial optimisation problem and is NP-hard (Cai, Wang,
and Feng 2009). There are many parameters involved
(machines, machining features, tool approach direction
[TAD], primary locating surfaces [PLSs], etc.) in such
problem which leads to large solution space. In order to find
an optimal solution from the large solution space, a NP
approach is adapted and reported in the paper. This method
tends to cluster good solutions together, and the
computational effort is mainly concentrated in the
corresponding subregions after the partition. Hence, this
method is especially efficient for problems where the
feasible region can be partitioned. This method partitions the
feasible region into subregions and calculates the promising
index for each of these subregions. It moves by selecting the
most promising region based on the promising index
generated. This method records the most promising region in
each iteration, and the number of feasible sample solutions is
generated. Hence, both the computational time and effort are
reduced by quite an extent. The rest of the article is
organised as follows. Section 2 reviews the related literature.
Section 3 describes the problem statement. Section 4
presents mathematical model. Section 5 details the proposed
nested partitioning method. Sections 6 and 7 illustrate the
applicability of the proposed approach through examples,
discussions and analysis. Finally, Section 8 concludes the
research finding with suggested future research.

2. Literature review

In the past few years, a lot of research has been done in the
field of integration of process planning and scheduling. The
existing approaches for these two methods are broadly cate-
gorised into two types: the progressive/enumerative
approach and the simultaneous/centralised approach. A true
integrated idea was first proposed by Chen and Khoshnevis
(1990). The simultaneous/centralised approach considers the
problem in a broader scope and formulates the two problem
domains of process planning and scheduling into a unified
whole as a single optimisation problem. The approach of
considering alternative process plans and avail-able
resources simultaneously and selecting an optimal plan
according to certain scheduling criteria was adapted and
extended by Chen and Khoshnevis (1993) and Tan and
Khoshnevis (2000). Some works have introduced two-level
hierarchical method structures to formulate the integration
problem. Plausible schedules are determined at a high level
of the structure based on the effective adjustments of some
cost-efficient process plans generated and maintained a low
level of the structure (Brandimarte and Calderini 1995;
Zhang, Saravanan, and Fuh 2003). Brandimarte and Calderini
(1995) represented both the process planning and scheduling
in linear mixed integer programming forms. A process
planning module for each part based on genetic algorithm
(GA) and simulated annealing (SA) was devel-oped in the
work of Zhang, Saravanan, and Fuh (2003), which generates
an optimal or near-optimal process plans with minimum
manufacturing cost. A scheduling module generates a
schedule based on some given criteria after taking the
optimal or near-optimal plans of each part. The efficient
unified optimisation models and algorithms have been
developed to further enhance the performance of the
algorithm (Morad and Zalzala 1999; Kim, Park, and Ko
2003; Yan et al. 2003; Zhang and Yan 2006). A GA-based
integration scheme was evolved by Morad and Zalzala
(1999), in which process plans represented as chromosomes
underwent crossover and mutations operations to develop
other alternative process plans. The performance criteria to
choose a plausible schedule from the process plans might be
the minimum makespan, the minimum total cost or the
maximum utilisation. The integration of process planning
and scheduling was performed by a single optimisation
model developed by Kim, Park, and Ko (2003). An optimi-
sation model established by Yan et al. (2003) and Zhang and
Yan (2006) combined the specifications from process plan-
ning and scheduling, such as the production cost, the tardi-
ness time, the set-up cost and the early finish time. On this
basis, a Tabu Search (TS)-based approach (Yan et al. 2003)
and an improved hybrid GA-based approach (Zhang and
Yan 2006) have been developed to optimise both planning
and scheduling simultaneously.

The progressive/enumerative approach lessens the com-
putational complexity of the problem and provides a higher



flexibility to the whole system. This approach divides a large
optimisation problem into several steps and gradually carries
out the decision-making and optimisation. Huang, Zhang,
and Smith (1995) proposed a progressive three-phased
approach that brings out the interaction between process
planning and scheduling starting from a more global level
and ending at a more detailed level. The activities in each
phase (preplanning, paring planning and final planning)
occur in a different time interval. Saygin and Kilic (1999)
proposed a structure consisting of four integrated stages with
the primary objective of reducing the completion time,
increasing system performance and deci-sion-making by
consideration of process flexibility, sequence flexibility and
alternative machine tools. Li and McMahon (2007)
developed a simulation-based approach to optimise the
integration of process planning and sche-duling. In this
approach, three strategies, which include process flexibility,
operation sequencing flexibility and scheduling flexibility,
are adapted to explore the search space to support the
optimisation process effectively. The framework presented
by Jain, Jain, and Singh (2006) can quickly integrate both
functions and can be implemented in a company without
disrupting and reorganising existing process planning and
scheduling departments. A hybrid approach using
knowledge-based rule and geometric rea-soning rule is
developed for the machining feature sequen-cing in a
distributed process planning (Li and Wang 2007). The
integration of process planning and scheduling is one of the
significant features of the distributed process plan-ning
system (Wang, Feng, and Cai 2003).

The two major constraints in set-up planning originate
from design specifications and manufacturing resources.
Zhang and Lin (1999) presented the idea of a hybrid graph
theory and applied tolerance as the crucial constraint in set-
up planning. Zhang et al. (2001) used tolerance decomposi-
tion, fixture design and manufacturing resource capability to
set-up planning. Ong, Ding, and Nee (2002) introduced a
hybrid approach to set-up planning optimisation using GAs,
SA and a precedence relationship matrix. An integrated
approach to automatic set-up planning was also presented by
Huang and Xu (2003), which considers various compo-
nents: geometry, precedence constraint, kinematics, force
and tolerance methodically. Gologlu (2004) applied compo-
nent geometry, dimensions and tolerances to derive con-
straints-imposed precedence relations amongst features and
also considered fixturing strategies. The second constraint
generally deals with terms of cost, quality, lead time and
agility under the consideration of available machine tools at
the optimisation stage. Yilmaz et al. (2007) recently intro-
duced set-up grouping strategies for minimisation of make-
span, and Yao et al. (2007) proposed automated set-up
planning at both single part level and machine station level.

The cross-machine ASP problem is a typical NP-hard
combinatorial optimisation problem. This cross-machine

ASP deals with a total of 7, 3-axis based set-ups
(ST .»i€[1,1]), K PLSs (PLS;, k €[1,K]) and a
total number of L machine tools (M7, 1 € [1 L ]) avail-
able in the shop. Hence, the maximum solution space is

Il x K! x L!. For the case studies undertaken in this
article, the solution space is huge as 2.69007299 x 10"

(for /=13, K =6, L =3).

Artificial intelligence techniques such as GA and SA are
generally used to solve this optimisation problem to find
near-optimal solutions. Chen, Zhang, and Nee (1998) devel-
oped a new approach for set-up planning of a prismatic part
using Hopfield neural net coupled with SA. Singh and
Jebaraj (2005) developed a feature-based design environ-
ment module that is used for the design, modelling, synth-
esis, representation and validation of the component for
machining application. An object-oriented manufacturing
resource modelling and agent-based process planning is
proposed by Zhang et al. (1999). Amaitik and Kili¢ (2007)
presented an intelligent process planning system using
STEP features for prismatic parts. Hybrid approach
techniques like neural network, fuzzy logic and rule-based
are used as the inference engine of the developed system.
Shen, Wang, and Hao (2006) submitted a state-of-the-art
survey of agent-based distributed manufacturing process
planning and sche-duling. A multiagent architecture of an
integrated and dynamic system for process planning and
scheduling for multiple jobs is developed (Tehrani,
Sugimura, and Iwamura 2011). Chen, Du, and Huang
(2010) developed a scheduling problem on parallel batch
processing machine in the presence of dynamic and job
arrival and nonidentical job sizes, which is NP-hard in
nature. Two meta-heuristics, GA and ACO, are proposed to
solve this problem. Nested parti-tioning algorithm is
applied to the multimachine set-up planning or the cross-
machine ASP problem in order to find the exact optimal
solution. Shi and Olafsson (2000) proposed a new method
known as NP method, which sys-tematically partitions the
feasible region and concentrates on the search reason that is
the most promising area, for solving the global optimisation
problem. Shi, Chen, et al. (1999) investigated the nested
partition framework, which combines optimal computing
budget allocation to solve the discrete resource allocation
problem. Shi et al. (2004) introduced a NP framework for
solving large-scale multicommodity facil-ity location
problems, which is capable of efficiently produ-cing very
high-quality solution. Olafsson and Gopinath (2000)
proposed a nested partition method which system-atically
partitions the feasible region and concentrate the search in
the most promising area. This method combines both global
and local search. Zhou, Zheng, and Wang (2011) proposed
a methodology for assembly sequence planning for a
complex component which consists of three phases: assem-
bly-based modular design, assembly subsequence
generation for each module and assembly sequences
merging. NP method is used to merge the assembly
subsequences,



which is an effective method for assembly sequence plan-
ning of complex product. Shi, Olafsson, et al. (1999) pro-
posed a randomised optimisation framework, the
nested partitioning approach to solve the travelling
salesman pro-blem. Chew et al. (2009) proposed an
approach using nested partitioning method to search
promising solution and multi-objective optimal computing
budget allocation algorithm to identify nondominated
solution for a differentiated service inventory problem
with multiple demand classes. A nested partition method
is presented for assembly sequence plan-ning for complex
components, which consists of assembly-based modular
design, assembly subsequence generation for each model
and assembly merging (Zhao et al. 2010). Chauhdry
and Luh (2012) adapted a NP algorithm for global
optimisation to solve the nonconvex optimisation problem
in nonlinear model predictive control. Su and Wang
(2011) proposed a novel algorithm named as weighted
NP based on differential evolution (WNPDE) to solve a
scheduling problem of parallel batch processing machines.
Hence, the NP algorithm is applied to the cross-machine
ASP problem and multimachine set-up planning with the
help of a case study reported in this article.

3. Problem statement

The consideration of tool accessibility direction is the most
critical part of ASP problem. The input data in the ASP are
the part information in the form of 3-axis-based set-ups
obtained by applying the feature grouping algorithms (Wang,
Jin, and Feng 2006) The machine configurations (3-axis with
indexing table, 4-axis machine and 5-axis machine) are
represented by its tool orientation space (TOS), showing the
available motion range on a unit spherical surface. In this
article, we have modelled the ASP problem differently than
other researchers by including the following aspects such as

Feature grouping

3-axis-based set-up

Machine

o

Figure 1. Cross-machine adaptive set-up planning.

configuration
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machining time, set-up time and tool change time. In earlier
paper (Wang et al. 2010), these are considered as unity, that
is, the variability of these factors is not taken into account.
Therefore, our problem can be stated as minimisation of
makespan, minimisation of cost and maximisation of
machine utilisation subjected to satisfying all the constraints,
whereas the variable pertaining to machining time, tool
change time, etc. will give specific solution.

The formulation presented in the paper is NP-hard in
nature. The flexibility and adaptability of set-up plans are
what we are targeting. A nested partitioning approach is
presented by integrating tool accessibility examination for
the optimal set-up plan generation considering the variety
of machines.

4. Cross-machine ASP

The primary objective of cross-machine ASP for each avail-
able machine configuration, machine combination and
other requirement from a scheduling system is to generate
an optimal or near-optimal set-up plan for a part-based
config-uration and capability. The primary motive of a
cross-machine ASP is depicted in Figure 1, where the inputs
to the ASP are 3-axis-based set-ups and the TOS of available
machines. The yield of the ASP is the optimal set-up plan
corresponding to a selected objective for optimisation.
All the notations used are given in the Table 1.

4.1. Objective function

(1) The minimisation of the total makespan of the
part.
The makespan TS, is the difference between the
starting point and the finishing point during the
manufacture of the part. In case of a multimachine
set-up, the makespan is calculated as

Objectives

Optimal Set-up 1

Conditions

(= S—

Scheduling

Optimal Set-up 3

:J] Optimal Set-up 2



Table 1.

Notation of variables.

Variables descriptions

PLSy
MT,
MU,
UF,
ST 5 —axis
STP,
Smin

N

ST ;
SM,;
TCT;
TID;

The primary locating surface &k, k= 1,23, ... , p
The machine tool [, /= 1,2, ..., L

The utilisation of MT;

The utilisation factor of MT;
3-axis-based set-up [, =1, 2, ..., L
The set-up planp, p= 1,2, . ., P

The minimum value of S,

The number of set-ups on M7;

The set-up s in set-up p, s = 1,2, ...,S,
The set-up merging matrix for MT;
Tool change time for feature f°

Tool ID used for machining feature f

TCT_index; Index of tool change time for feature f

TCCy

Tool change cost for feature f

T CC_indexf Index of tool change cost for feature f

C,
TS,
U,

s

4
Iy
uc,
MC,
M Cmin
MS,
MS, min
LF,
GF,
CF,
MF,
UF,
WL
Wa
We
W
Wy

Total cost for set-up plan p

Total makespan for set-up plan p

Total system utilisation for set-up plan p

The number of machining features grouped in ST,
The locating factor of ST},

The unit cost of the machine tool to be used for ST
The machining cost of STP,

The minimum value of MC,

The makespan of STP,

The minimum value of MS,

The locating factor of STP,

The grouping factor of STP,

The cost factor of STP,

The makespan factor of STP,

The utilisation factor of STP,

The weight factor of LF,

The weight factor of GFp

The weight factor of CF),

The weight factor of MF),

The weight factor of UF),

Representation of ith subregion after first partition
Representation of jth subregion after second partition
ith sample in the jth subregion after first partition
ith sample in the kth partition after second partition

sl 9
TS, = ST, MTy + TCT,
P = 2 Hr;( ¥+ TCT))
(D
0 ; X=Y
Q(X’Y):{l ; X#Y

TC; = Q(T_ID;,, T_IDy)

ICTy = TCy x TCT _indexy

where S; is the number of set-ups on machine /,
ST, is the set-up time for set-up s, L is the total
number of available machines, MT is the respec-
tive machining time of feature f, TCT; is the

@

©)]

respective tool change time for feature f, Q) is
the number of machining features in set-up s,
and T _IDy is the tool ID for feature f.

The minimisation of the total cost incurred in
producing the part.

The total cost 7C, of a set-up plan p can be
calculated as:

SI’
TC, = (ST, x MC,
s=1
o @
+ > (MT; x MC; + TCCy))
=1

TCC; = TCy x TCC_ indexy

where S, is the number of set-ups in set-up plan
p, TCCy is the tool change cost for feature f,
and MC; is the machining cost index for
machine /.

The maximisation of the system utilisation.
The utilisation of a system is calculated as the sum
of machining time of the features and the utilisa-
tion of the various set-ups.

S g,
TU, = (ST. x SU + Y MTy) 3)
s=1 f=1

where SUj is the respective utilisation of set-up s.

Some definitions:

(i) Locating factor:

(i)

The locating factor determines the quality of a
PLS. Locating factor of a set-up plan p is given
by the expression,

LFy =" (4)

where If, is the locating factor of set-up s within
set-up plan p (Cai, Wang, and Feng 2008).
Grouping factor:

The effect of PLS also depends on the number of
machining features. The machining features are
grouped into various set-ups, and the grouping
factor is defined as follows

Smin
SP

theorically

) Smin — 1 (5 )

GF, =




(iii)

@iv)

where Spin is the minimum value of S, amongst

icall
all alternative set-up plans. Sy theorically 1. If all

machining features can be grouped in one set-up
in one perfect machine, the grouping factor pro-
vides a relative ratio for evaluating set-up plan p
in terms of set-up number minimisation.

Cost and makespan factors:

The cost and makespan factors are the
relative rates for evaluating set-up plan p and are
given as,

T Cmin
CF, =
P TCp (6)
T Smin
MF i, = TSp (7)

where TC;, 1s the minimum cost incurred when
a low-end machine with a cheap unit cost is used,
and TCy,;, is the shortest makespan if the job
gets evenly distributed amongst all available
machines.

Utilisation factor:

The utilisation factor UF; for each of the
machines is given by the ratio of total utilisation
to the available time for this machine

TU,

UF = — 8
=T (®)
and the utilisation factor for the set-up plan p is
the arithmetic mean of utilisation factors of all

machines.

L
UF, = % x (Y UF) 9)
=1

The overall objective function for the adaptive
set-up plan is given by

OSP = max (W; x LF, + Wy x GF, + W,
pE[l...

X CFy + Wy x MF, + W, x UF,)
(10)

where Wy, W, We, Wi and Wy are the respective
weight factors of LFp, GFp, CFp, MFpand UFp
for the set-up plan p under considerations.

Hence, OSP can further be written as

S s s
s (0 < 1)
OSP = max (WL x L
pell...P| S0

Smin TCmin
We x
s, T CNTC,

TSmin 1 "
X Wy x | = x E UF,
TSP v <L (1_1 l> ))

(11)

+ Wgs X

+ Wy

4.2. Constraints and assumptions

The following constraints and assumptions are considered
as basis for the objective function given in Equation (11):

Constraint 1

ST!

s €L (1=1,2,3, .., Tand]/ =1,2,3)

The final set-up plan may involve set-ups for a single
machine configuration or for more than one machine
configurations.

Constraint 2
iff; € ST, ., j€Jandi€l
then f;(does not belong t0)ST} . Vi € I andi#/

N ST!

3—axis

ST:

S axis =¢Viel, i €elandi#i ST
All machining features are first grouped into 3-axis-based
set-ups, and no single machining feature can be grouped
into more than one 3-axis-based set-up, that is, the same
features.

Constraint 3
All 3-axis-based set-ups can be merged into fewer set-ups,
and each 3-axis-based set-up can only be merged into one
final set-up.
if ST

3—axis

€ PLS,,, then ST!

3—axis

¢ PLS,
where p = {1,2,3,4,5,6} — {m}

PLS,, = pth primary locating surface
Constraint 4

Each of the machines may use all of the tools available for
the production of the required part.



5. Nested partitions algorithm

This algorithm attempts to partition the most promising
region of the solution space into a number of subregions.
The first step includes partitioning the whole solution
space so that to identify the most promising region initi-
ally. A number of random sample solutions are generated
in each of the subregions, and the corresponding fitness
values for each of these solutions are calculated according
to the considered objective function. From each of the
subregions, the best fitness value and the sample solution
generating this value are selected. The best fitness values
from each of the subregions are compared to extract the
best fitness values from all of the subregions. The sample
solution that has the best fitness value of all the subregions
is the most promising subregion. Next, the most promising
region determined is selected and the same processes are
applied upon this subregion as were applied upon the
previous most promising region. This whole procedure is
repeated for a number of iterations, and the best solution is
derived by comparing the best solutions from each of the
iteration.

5.1. A nested partitions algorithm—based approach

The objective of this cross-machine ASP is to select the
available machine configurations and PLSs and to assign
the features grouped under the set-ups to the various PLSs
and hence the machines so as to maximise the formulated
objective function as well as to satisfy the constraints for a
definite test part. This ASP for the test part under con-
sideration defines a solution space that comprises of
selecting available machines, PLSs grouped under selected
machines and all of the 3-axis-based set-ups grouped
under the chosen PLSs. There are three machine config-
urations, six PLSs and the 3-axis-based set-ups grouping
the various machining features of the test part available for
the generation of any set-up plan.

5.1.1. Partitioning

Two-step partitioning is performed on the solution space
for generating the optimal set-up plan. The first partition is
based on the selection of machine configurations and the
second on the selection of PLSs. Initially, the whole solu-
tion space consisting of all the machine configurations,
PLSs and the 3-axis-based set-ups is considered to be the
most promising region. First, this solution space is parti-
tioned into L subregions consisting, respectively, of ran-
domly selected 1, 2, 3 ... L machine configurations out of
the available L. The next most promising region would
now include the fixed machine configurations to be
included in the set-up plan. The next partition of this
region is based on the number of randomly selected
PLSs out of the available P. Since each machine

configuration has to have at least one PLS assigned to it,
so the first subregion is partitioned into P subparts, the
second into P—1, the third into P—2 and so on up to
P-L+1.

The set of machines M = {1,2,3,...,.L} and the set of
PLSs PLS ={1,2,3,...,P}. The L subregions after the first
partition:

oy ={i}; ieM, o,=1{a,b}; a,b e M(a#b)

o3 ={a,b,c}; a,b,c € M(a#b#c), o ={1,2,3,...,L}

And the surrounding region except for o; is aggregated
into another region o7 .
The subparts after the second partition are:

a'j/ = {p17p27 "'apn}7

where j,n = [1,2, ..., P] if o} is partitioned,
Jj,n=1[2,3,...,P] if o, is partitioned, ......
Jj,n=1IL,...,P] if oy is partitioned,

andpi EPLS,pﬁ&pj lf i#].
And the surrounding region except for g/ is aggre-
gated into another region o} ;.

5.1.2.  Random sampling

The subregions obtained as a result of first partition of the
total sample space consist of fixed machine configurations.
In each of these subregions, a number of random sample
set-up plans are generated using uniform sampling techni-
ques. A variable number of PLSs out of the available six
are selected and are randomly assigned to the selected
machines. The assignment is done in a way such that no
individual PLS is assigned to more than one machine
configuration. Then, all the 3-axis-based set-ups which
group the machining features of the part are randomly
assigned to the selected PLSs while taking care that no
two PLSs have a similar set-up assigned to them. Next, the
corresponding fitness values of the set-up plans generated
in each subregion are calculated according to the formu-
lated objective function.

m sample solutions are generated in each of the sub-
regions oj:

x|, %}, ...,x,, where ¥, is a function defined as

)"11: :f(gj7p’ST)7 where ST = [ST3lfaxis7ST327axis’ ""STgfaxis]

g = number of 3-axis-based set-ups.



b= {]717}72, "'apn}7 where n €

P—L,..P; whenj=1L

The corresponding fitness values are:

0(%}),0(55), .., o(x})
where o(f) denotes the objective function value or the
fitness value for set-up plan f.

A number of random samples are also generated for the
subparts obtained as a result of the partition of the most
promising subregion. The machine configurations and the
PLSs in these subparts are fixed. All available 3-axis-based
set-ups are randomly assigned to the various PLSs in the
considered subpart such that each individual set-up is not
assigned to more than one PLS at a time. This is done for
all the subparts. Now, the corresponding performance
values for each of these set-up plans are calculated.

m sample solutions are also generated in each of the
subparts o/

VeV 0k where yf is a function defined as

Vi =floj, 0/, ST);

ST2

3—axis? ***)

where j € {1,2,3,...,L}, and ST = [ST;?aXiS,
ST

37axis]

The corresponding fitness values are:

00/1‘),0()/2‘),...,00/;1)

5.1.3.  Promising index calculation

After the first partition, the promising index for each of the
subregions is determined as the best fitness value (max-
imum objective function value) out of those generated by
all set-up plans where the machine configurations are kept
fixed and the PLSs and 3-axis-based set-ups are randomly
selected and assigned. After the second partition, the set-
up plan out of those consisting of fixed machines, PLSs
and randomly assigned set-ups to the PLSs generating the
best fitness value is considered to be the index for the
most promising subpart.

The promising index for the subregions after the first
partition is calculated as:

I(o;) = max (o(x})),where j=[1,2,3,4]

i=12,...m

The index j = 4 is for the aggregated surrounding
region after first partition, and for the subparts after the
second partition is calculated as:

1,2,..,6,7 ; ifj=1
I(ow) = max (o(y])),where k = |2,3,...,6,7; ifj =2
""" 3,4,..,6,7; ifj=3

The index k& = 7 is for the aggregated surrounding
region after second partition.

If two or more regions are equally promising, the tie
can be broken arbitrarily.

5.1.4. Backtracking

If the promising index corresponds to a region that is a
subregion of some particular region in the current itera-
tion, then it will be the most promising region in the next
iteration. Otherwise, if the index corresponds to the sur-
rounding region, the algorithm backtracks to the super
region of the current most promising region.

After the first partition, if the promising index corre-
sponds to the index j = 4, the solution will backtrack to the
previous solution space where the whole solution space
will include the machine configurations as well.

Ifj<4, then

o, = o; where I(g;) = _ max (0(x)))

else,

o}, = the original total solution space including the

machine configurations.

After the second partition, if the promising index
corresponds to the index k=7, the solution will backtrack
to the previous solution space where the whole solution
space will include the machine configurations as well.

If j<4, then

the most promising region = o, where /(o)

= max_(o()

else,

the most promising region is the subregion selected
after first partition.



5.1.5. Movement

The most promising subregion after the first partition is
selected as the region having the maximum value of promis-
ing index out of all the three. After the second partition, the
most promising subpart is chosen based on the comparison
of the promising indices of all subparts generated as a
partition of the subregion selected and selecting the subpart
with the maximum promising index value. Now, random
samples are generated in the selected subpart by random
assignment of available set-ups to the already-fixed PLSs.
The corresponding performance values are calculated for the
generated sample solutions and compared to deduce the
sample solution with the maximum fitness value.
Most promising region after first partition:

o; such that max (I(g;)).
=123

Most promising region after second partition:

1,2,.,6 ; ifj=1
o' such that max(I(a;)); k= |2,3,....,6 ; if j=2
k 3,4,..,6 ; ifj=23

This sample solution is determined to be the best
amongst all the set-up plans generated after partitioning
the whole sample solution twice and random selection

and assignment of machine configurations, PLSs and 3-
axis-based set-ups. This best sample solution is noted. This
above sequence of operations is run iteratively for a definite
number of times, and the noted sample solutions from each
of the iterations are compared. This comparison is done to
find the maximum fitness value solution out of the noted
solutions from all the iterations. This solution with the
maximum fitness value after running the above sequence of
operations for definite number of iterations is the exact
optimal set-up plan for the cross-machine ASP. The
flowchart of nested partition algorithm is shown in Figure 2.

6. Case study

For the validation of proposed approach, a prismatic part is
considered as shown in Figure 3. The test prismatic part
consists of six PLSs (Table 2) and 31 machining features
with their TAD machining time are shown in Table 3. The
31 machining features are grouped into 13 3-axis-based set-
up-based TAD. All the 3-axis-based set-ups’ set-up times
are shown in the Table 4. Three different machine
configurations (3-axis, 4-axis and 5-axis) are taken con-
sidered for machining operations given in the Table 5.
Eight different machining tools are used which are listed
alongside their time index and cost index for tool change in
the Table 6.

Selection of machine
configurations

Selection of Primary
Locating Surface

Partition into
multiple subregions

v

Generating random
Setup plans

v

For each region,
>_ PLS is assigned to only
one machine

=
2
-
g
S Calculate the fitness value of setup configuration
)~ plans generated in each subregion
z
! <
Calculate the performance values
for each setup plans
¢ >_Based on Fitness
value
Calculate Promising Index for each
subregions
No ( ¢
| Movement Most promising
Subregion
Yes

Figure 2. Steps in nested partition algorithm.



Figure 3. Part feature to be tested.

Table 2. PLS candidates of the test part.

Surface Surface Surface area Surface accuracy
ID normal (inch?) grade

Si 0,0, 1) 1.7294 1

S, (0, 1, 0) 2.6383 1

S; (1,0, 0) 7.7388 1

S, (0, 0, -1) 1.4127 1

Ss 0, -1, 0) 5.1505 1

Se (1,0, 0) 5.1505 1

6.1. Parameter tuning

After encoding, it is important in NP algorithm to use the
right parameters for finding the appropriate results. The
required parameters in our problem are the number of
random samples generated in each partition and the total
number of generations. For the given case studies, there
are 300 generations and 100 random samples are gener-
ated in each partition in the case study.

7. Results and discussions

The five parameters considered while evaluating the
objective function (Equation (11)) are locating factor,
grouping factor, cost factor, makespan factor and machine
utilisation factor. Cautious and proportionate adjustment
of the weights (W;, Wg, W Wy and Wyy) allows the
variety of scheduling configurations to be efficiently
served by this problem. In a standard situation, with the
presumption that the ASP is integrated with a scheduling

Table 3. Tool approach direction of machining features of test
part.

Feature ID Tool approach direction Machining time Tool ID

F, (0, —cos 10°, —sin 10°) 15 7
F, (1, 0, 0) 5 7
F; (-1, 0, 0) 7 2
Fs4 (0, -1, 0) 8 3
Fs (0, -1, 0) 6 4
Fs (0, -1, 0) 11 4
F, (0, -1, 0) 10 1
Fg (0, 0, -1) 9 5
Fo (0, 0, -1) 8 8
Fio (0, 0, -1) 7 8
Fii (0, 0, -1) 7 6
Fi» (0, 0, -1) 5 6
Fis (0, 0, -1) 10 2
Fi4 (0, 0, -1) 10 1
Fis (cos 45°, —sin 45°, 0) 12 3
Fis (—cos 45°, —sin 45°, 0) 13 4
Fi7 (0,0, 1) 9 6
Fis (0,0, 1) 15 8
Fio 0, 0, 1) 8 3
Fao 0,0, 1) 6 2
Fa, (—cos 45°, sin 45°, 0) 6 4
F»s (cos 450, sin 450, 0) 11 1
F)s (0, 1, 0) 10 1
Fa4 (0, cos 45°, —sin45%) 14 3
Fas (0, cos 45°, —sin45%) 13 2
Fas (0, cos 45°, —sin45%) 10 5
Fy; (0, cos 45°, —sin45%) 7 6
Fag (0, sin 30°, —cos 30°%) 8 7
Fao (0, sin 30°, —cos 30°) 12 8
Fso (0, sin 30°, —cos 30°) 14 1
Fs, (0, sin 30°, —cos 30°) 11 7




Table 4. 3-axis-based machine set-up for test part. Table 7. Comparison of nested partition approach—based ASP
and GA.
Set-
Tool approach up Set-up Nested
Set-up directions Features time utilisation Condition partitions GA
ST} yis (0, —cos10%,  FI 5 2 Wy=Wg=1, We= Wy=Wy=0 1376923 1332771
sin10°) W, =Wg=1, We=1, Wy =Wy =0 1709348 1.606788

ST2 0 (1,0,0) F, 6 3 Wo=Ws=Wy=1, We=Wy=0 1519748 1.494947

ST33—axis (-1, 0,0) F; 6 4 Wy, =Weg= We= Wy=Wy=1 3.007043 2.590981

ST;—axis 0, -1, 0) F4, Fs, Fg, F5 9 1 Wy =We=1, We=2, Wyy =Wy =0 2.041773 1.721056

ST s (0,0, 1) Fg, Fo, Fio, F11, 10 2

0 F129 F13: F14
ST s (cos 457, Fis 7 3 Table 8. Comparison of computational time.
—sin 45°, 0)
ST] s (cos 45, Fig 10 4 Nested
—sin 45°, 0) Condition partitions GA
ST} i (0,0, 1) Fi7, Fis, Fo, Fao 5 2
ST i (cOs45%,  Fy 5 1 Wo=Wg=1, We= Wy =Wy=0 54 62.540
’ sin 45°, 0) Wy =Weg=Wc=1, Wyy=Wy =0 41.2 68.235
STIO .. (cos 45°, Fa 8 2 We=Wg= Wy=1, We=Wy=0 4334 71421
sin 45°, 0) W, =We= We= Wy=Wy=1 39.2 66.869
ST . (0, 1,0) Fas 7 3 Wy=Wg=1, We=2, Wy=Wy=0 45 58.524
ST)? i (0, cos 45°, Fa4, Fas, Fag, Fa7 9 4
—sin45°
13 ;

ST i (0’75012833006) Fas, Fao, Fao, By 8 ! As far as time is concerned, the actual computation
time is shown in Table 8. All computations are done by
personal computer (Dell Studio, 500 GB HD, 4 GB RAM
and Core (TM) 2 2.20GH processor). From the table, it is

Table 5. Machine configuration. clear that the proposed NP method computation is rela-

. . ) tively stable for different weight assignment.

Machine Machine Available This articl ts five different ios that

D type Orientation Cost time is article presents five different scenarios that are
selected from a number of numerical results in addition to

1 3-axis  (0,0,0,0,0,0) 35 15 the above verifications.

2 4-axis (—90,90,0,0,0,0) 55 20

3 S-axis  (~90,90,0,0,0,360) 75 25

Table 6. Index of tool.

Tool ID Tool change time index Tool change cost index
1 2 9
2 3 8
3 4 10
4 4 10
5 4 9
6 3 9
7 3 8
8 2 9

system, the scheduling system can determine the values of
the weights which are then forwarded to ASP for set-up
planning. This makes this underlying problem viable for
application to a real-world situation.

To verify this approach, the results of each and every
weight factor are affirmed individually. The explicit plot
described above is then worked out using GA approach.
The results generated by using the two algorithms and
their comparison are given in Table 7.

Scenario 1: To utilise the most capable machines first
Wp=Wsg=1, We=Wy =Wy =20

In this condition, there are no weights given to the
constraints of cost factor, makespan factor and machine
utilisation factor. The only constraints being considered
are the locating factor and grouping factor. Thus, the PLS
with the highest number of features is selected which in
this case is the third one. Also, all the set-ups and hence
all the grouped features merge down to the 5-axis machine
in accordance to satisfy the considered constraints. The
optimum set-up plan is given in Table 9, and the optimum
result is shown in Figure 4.

Scenario 2: To reduce cost while keeping minimum
set-ups

W, =Wg=Wc=1, Wy =Wy =0

This case deals with the weights given to the con-
straints of locating factor, grouping factor and cost factor.
It requires the reduction in the total production cost as well



Table 9. Optimal set-up plan of features for part for Scenario 1.

Machine configuration ~ PLS Feature

5-axis machine PLS3 Fls Fz, F}, F4, Fs, Fé, F7, Fg,
F95 F10, F117 Fl2> Fl37 Fl45
FlS: F|67 F|7s F189 F|97 FZO:
F219 F22,F235 F243 FZS, F269
F27’ FZS’ F29, F3O’ F31
1.6
1.4
12
5
= 1
>
a 0.8
£ 06 ==m= GA
£
0.4 NP
0.2
0

O O™~ O IN TN AN O 0
N o0 A < ™~NO N W o N < IS
I H A N NN O o

Number of generations

Figure 4. The comparison of fitness of nested partition verses
GA for Scenario 1.

Table 10. Optimal set-up plan of features for part for Scenario 2.

Machine configuration = PLS Feature

F]> FZ’ F35 F43 FS’ F65 F7> FS’
F9s FlO: F]]s Flz: F]37 F]4>
FlSa F167 Fl7a FIS,, Flga F207
FZ]: F229 F237 F24> F25: FZ():
F27’ F285 F29a F305 F3l

3-axis machine PLS3

as the optimal grouping of set-ups onto the given PLSs.
This simultaneous optimality condition of cost and group-
ing leads to all the set-ups and the features grouped under
them getting merged to the third PLS and the 3-axis

machine configuration. The optimum set-up plan is given in

Table 10, and the optimum result is shown in Figure 5.

Scenario 3: To produce the part as soon as possible

W,=Wg=Wy=1,We=Wy;=0

In this case, a minimum makespan (or a quick pro-
duction time) along with optimal grouping of set-ups
onto various PLSs is required. This leads to the distribu-
tion of final set-ups amongst three different PLSs which
in turn are allocated to the three different machine con-
figurations. Machining time, tool change time and set-up
time are the major concerns. The optimum set-up plan is

1.8 7
16 = pmmmmmm e
1.4'_ _____ ;_‘
5124
©
> 1
308'
g amas GA
it 06
0.4 NP
0.2
0
O DO~ O NS NN d O O 0
M 0N 0 A < ~NO N W o N < IS
™ < " NN AN ANHO DO m
Number of generations

Figure 5. The comparison of fitness of nested partition verses
GA for Scenario 2.

given in Table 11, and the optimum result is shown in
Figure 6.

Scenario 4: To trade-off between all optimisation criteria

We=We=Wy=Wec=Wy=1

This is a trade-off situation existing due to the simul-
taneous consideration of cost, makespan and machine
utilisation factors along with the locating and grouping
factors. No single criterion is fully satisfied. All the set-
ups consisting of various features are further grouped
under the first, third and sixth PLSs which are finally
allocated to the 5-axis machine configuration in order to

Table 11. Optimal set-up plan of features for part for Scenario 3.

Machine configuration  PLS Feature

3-axis machine PLS6 Fy, F,, Fs5, Fy, Fs, Fg, F5
4-axis machine PLS3 Fg, Fg, FIO’ Fll’ F]z, F13, F14,
Fis, Fi6, F17, Fis, Fio, Fao
5-axis machine PLS5 F21, F22,F23, F24, F25, F26’
F279 F287 F293 F30: F3l
1.6
1.4 - _;
.IJ
@ 1.2 i
s 1!
>
g 0.8
£ 06 -=== GA
£
0.4 7 NP
0.2
0
— D = MmN~

243
263
287

o N —
N < O 0 = NN ™~ O AN
R I B B B I o

Number of generations

Figure 6. The comparison of fitness of nested partition verses
GA for Scenario 3.



Table 12. Optimal set-up plan of features for part for
Scenario 4.

Primary
locating
Machine surface Features
5-axis machine PLS, Fi6, Foi
PLS; Fi, Fa, F3, Fy, Fs, Fg, Fy, Fis,
F17, Fis, F10, F20, Fa2, Fa3,
Fa4, Fas, Fag, Fa7
PLSG FS: F9> FlOs Fll, F12> Fl35 Fl4’
Fag, Fao, F30, F3;
3.5 7
3
0 25 pPF————— oo s
2 )
S 24
") ]
3 15 -
g ’ --- GA
W 1
NP
0.5
0
N NN DA MmN ND AN mMmS
N < O 0 A N NN OOAN < O
™ = -+ - NN NN

Number of generations

Figure 7. The comparison of fitness of nested partition verses GA
for Scenario 4.

satisfy the constraints under speculation. The optimum
set-up plan is given in Table 12, and the optimum result
is shown in Figure 7.

Scenario 5: To minimise cost as much as possible
Wo=Wg=1, We=2, Wy=Wy =0

This final case considers the weight of the cost factor
getting doubled. The features of final set-up plan goes to
3-axis and 4-axis machines in all parts due to the effect of
grouping factor that strives to reach a minimum number
of final set-up. The optimum set-up plan is given in Table
13, and the optimum result is shown in Figure 8.

8. Conclusion

The current scenario requires an integration of ASP with
dynamic scheduling which is definitely provided to some
extent by the NP-based approach reported in this article. It
first attains the adaptive processes and then by dynamic
scheduling, on a requirement it generates machine
characteristic set-ups. This kind of a

Table 13. Optimal set-up plan of features for part for Scenario 5.

Primary locating  Features of final set-up

Machine surface plan
3-axis machine PLS] F17, Flg, Flg, F20
PLS; Fy, Fs, F, Fy
4-axis machine PLSZ Fl, Fg, F(), FlOa Flla F12,
F133 F149 F23s F24’ F259
F26, F27
l)LS4 FZI: F28: F29’ F30> F31
PLSS FZ’ F37 FlSa Flﬁy FZZ
2.5
D
[} - - - -
e I
8 15 "z"'
£ 1 ~==-GA
05 NP
0
- O O 0 N © 0n o o Q ©
M < 0~
— N NN M ™

n =
0 —H T NO N W O A
— N o
Number of generations

Figure 8. The comparison of fitness of nested partition verses
GA for Scenario 5.

plan does both obtaining the scheduling requirements
of cost, makespan and machine utilisation and imple-
menting the process plans on the specific machines. The
NP-based approach has been adopted which partitions
the solution space, and the most promising region is
selected based on the promising indices. Thus, the
computational effort is mostly concentrated in the most
promising region and hence minimised. Also this algo-
rithm generates exact optimal solutions on the basis of
partitioning and sampling which is quite effective and
feasible. This approach being based on tool accessibility
examinations makes ASP preferred to support integra-
tion of process planning and scheduling within the
imposed time period.

One of the distinct advantages of NP-based ASP is
that less time is required for replanning and reschedul-
ing when adaptive machining is treated to random
changes. NP-based ASP promotes the efficient informa-
tion exchange and integration between process planning
and scheduling with reduction in lead time and
improvement in production rate. As the extension of
our work is to interface the ASP planned to use
reconfigurability index as a base to integrate process
planning and scheduling in distributed manufacturing
environment.
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