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Abstract

This paper presents a system for Computer Aided
Process Planning (CAPP), using a precedence graph
representation of the operations and their restrictions.
Description of machine and tool selection is described, as
well as operation sequencing.

A genetic algorithm is used to generate the sequence of
operations and to select the machine and tools that
minimize some criteria (in the examples, machining time is
used).

1. Introduction

Process planning involves the preparation of a plan to
describe operations and their sequence, machines, tools and
the parameters needed to transform one or more
components into a final product [1]. The automatization of
process planning, named as CAPP (Computer Aided
Process Planning), represents the link between design
(CAD - Computer Aided Design) and manufacturing
(CAM - Computer Aided Manufacturing) in a CIM
(Computer Integrated Manufacturing) system.

Process planning determines the detailed manufactur-
ing requirements for transforming a raw material into a
completed part, within the available machining resources.

More global, complex and competitive manufacturing
systems markets imply a need for frequently redesigning
products and reprogramming. For example, to support new
manufacturing. technologies such as DFM (Design For
Manufacturing), the best process plan for a given part must
be generated and fed back to the designer for evaluation.

However, manufacturing systems reprogramming is a
complex task involving a considerable set-up time. Most of
this time is spent in defining how the new product will be
manufactured and in programming the different machines
of the manufacturing system (e.g. CNC, robots, AGV's,
conveyors, ...). Increasing of system's flexibility is very
important to achieve efficiency and productivity
improvements.

In any CAPP system, selection of the machining
operations sequence is one of the most critical activities for
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manufacturing a part and for the technical specification in
the part drawing. When a sequence is achieved some
criteria to determine its fitness should be provided. For
example, the goal could be to generate the sequence that
minimizes production time or machine utilization or
production cost.

Authors previous work in this area using precedence
graphs and some traditional search methods similar to A* is
described in [2-3]. This paper presents another approach to
the process planning problem, using a Genetic Algorithm
(GA) to sequence the operations.

Constraints imposed by precedence relations between
operations are considered using a precedence graph
formalization as well as selection of operations, machines
and tools. The duration of the operations, setups, machine
and tool changing are also considered in order to determine
the production time.

2. Background

"Planning refers to a deliberate behavior, a carefully
weighted scheme for action towards some goal” [4].

Although several CAPP systems have been developed,
only a few have considered the optimization of operation
sequence and the alternative sequence of operations or
process plans and, most of them, focus on generating the
optimal plan for individual features (geometric forms, such
as slots and holes).

To achieve an optimal plan against a predetermined
criterion, such as minimum cost, operation selection and
operation sequencing must be carried out simultaneously.

Operation selection refers to the determination of all
the operations required for each feature. Operation
sequencing refers to determination of the execution
sequence of all operations, maintaining the precedence
relations among all the operations [5].

Recently, research has focused on process planning
optimizations, by considering some of the operation
selection or sequencing concurrently [6-8].

The potential for using graph theory for operation
sequencing is addressed on [9] and [10].
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When precedence graphs are used, it is possible to
eliminate infeasible machining operation sequences. Some
works reported the use of Hamiltoninan path analogies for
the process planning problem, based on precedence graph
and operation cost matrix [3, 8].

Since planning is a NP-hard problem [11], some global
search techniques must be applied. Recently, Genetic
Algorithms (GA) have been applied to these problems. The
role of GA in combinatorial optimization problems is
discussed in [12].

GA are a means of solving problems without explicitly
stating the solution. This is done using the idea of survival
of the fittest. Good solutions are combined with each other
to, hopefully, create a better solution. The major genetic
operators that reflect nature’s evolutionary process are
reproduction, crossover and mutation.

The application of GA to process planning requires a
method for representing a plan as a string whose elements
define a list of machining operations. Each operation can be
associated to a machine and tool. The design of appropriate
crossover and mutation operators also plays a major role for
the successful implementation.

Some works report the application of GA to process
planning [13-15] but usually they consider a limited
machining environment or a sequential decision making.

In our previous work [3] we intended to address these
problems using a classical approach. The work presented in
this paper pretends to solve the same kind of problems, but
‘using a GA approach.

3. Computer Aided Process Planning

3.1. Introduction

CAPP could be described as the process of converting
a design to a set of manufacturing processes, using
computers.

In a CAPP system some factors are usually considered,
such as product costs, processing time, setup time, machine
groups, selection of operations, machine adjustment data
and plan editing. While these do not represent all
possibilities considered within a CAPP system, they do
indicate the features that are of importance to industry.

3.2. Operations

In this paper operations are defined as instantiations of
operators that are the elements that can be used to change
the state of the "world" (in this case, the part being
manufactured). Once an operation is applied, the state of
the “world” changes.
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Some operators are able to transform parts or change
their shapes (e.g. drilling or milling) and others are able to
Jjoin parts (e.g. welding or assembly). This means that after
an operation we may have a transformation of the parts
handled by the operation.

From a process planning perspective, an operation can
be identified as an enhancement of the shape, surface finish
and size, produced by a countable set of specific physical
actions.

3.3. Precedence Relations and Graph Representation

The general goal we want to achieve consists of a set of
subgoals. We will use operators to achieve these subgoals.
The sequence of operations for the task, together with their
association with a machine and a tool is the symbolic plan
for the task.

However, the subgoals cannot always be achieved in "
any order. Often the accomplishment of some goals is
restricted by constraints that represent interference among
subgoals (known as negative interactions).

For manufacturing tasks, the main constraints are the
process constraints, feasibility constraints and geometric
constraints. The constraints imply precedence relationships
to guarantee that operations will be executed in the correct
order and the final operations sequence (plan) is feasible.

It is important to acquire knowledge about these
constraints. Sometimes, knowledge about feasibility and
geometrical constraints can be automatically acquired with
some geometric reasoning capability {16].

Precedence graphs are used to represent the precedence
relations between operations. In precedence graphs, each
node represents an operation and each path a constraint
among operations. Since all the constraints are considered
in the graph design, only feasible sequences of operations
could be generated from the graph.

3.3. Precedence Cost Matrix

Since detailed information on tools and machining
parameters is not available before the plan is determined,
the total machining time cannot be used for plan evaluation.
Instead a precedence cost matrix is used considering the
operations precedence (to consider only valid transitions)
and all the costs involved - machine change, tool change
and setup cost as well as machining and tool cost.

Machining and tool cost are automatically calculated,
since information on geometry of parts can be obtained
from a CAD system.

The other costs can be determined from the system
configuration and from the machine characteristics.



4. Genetic Algorithm

4.1. Introduction

GA are a family of computational models inspired by
evolution, These algorithms encode a potential solution to a
specific problem on a simple chromosome-like data
structure and apply recombination operators to these
structures so as to preserve critical information. GA are
often viewed as function optimizers, although the range of
problems to which GA have been applied is quite broad
[17].

In GA, a candidate solution (a point in the search
space) is represented by a sequence of data known as
chromosome or string. Codification of data is domain
dependent and plays an important role on algorithm
performance. A set of chromosomes is called a population
and the population at a given time is a generation.

An implementation of a GA begins with a population
of (typically random) chromosomes. The chromosome
ability to solve the problem is determined by its fitness
function, allowing decision on whether one solution is
better than another is. Reproductive opportunities are
allocated in such away that those chromosomes that
represent a better solution to the problem are given more
chances to “reproduce” than those chromosomes that are
worst solutions.

When all decisions about reproduction were made,
crossover operators are applied, taking two parents and
combining them to create two new solutions. The two
children solutions will replace two previous solutions, thus
keeping the population size constant.

To maintain some degree of genetic diversity,
minimizing convergence to local solutions of the search
space, the mutation operator is applied. This operator
makes a smail change to the children randomly.

The chromosomes resulting from the operations form
the next generation’s population. The process is repeated
until a predetermined number of generations is reached or
until a good solution, according some criteria, is found.

The number of strings in the population will have an
effect on how fast the GA can find a solution. With a smali
population, a good solution will be found quickly, with a
large population, it will take longer to find a good solution,
but it will have a better chance of finding a great, or the
best, solution.

4.2. Chromosome representation

Binary coding has been the wusual individual
representation in GA for a long time. Binary strings are
sufficiently general but they are not always the more natural

or the more adequate representation,

When solutions for hard combinatorial problems, like a
process planning problem, using GA are considered,
representation issues arise. In [18] a discussion of genetic
representation issues can be found.

Since knowledge dependent representations could give
good results, a string representation similar to the one
proposed in [19] is used.

Op; Op; Op;
M, M, M,
T, T, T

Figure 1 — String representation

The number of positions in each string is equal to the
number of operations. Each position contains a reference to
the operation and to the machine and tool used for that
operation. Since all combinations of these items can be
represented, all possible sequences can be generated thus
covering all solution space. An example can be found in
Figure 1, where n is the number of operations, Op; is
operation i, M; is the machine used for Op; and T; is the tool
used to perform Op; on machine M;.

4.3 Initial population

The generation of the initial population in GA is
usually done randomly. But, since we use precedence
relations between operations, the initial population must
consist of strings of valid sequences, satisfying all
precedence relations.

In our previous work [3] we describe an algorithm to
quickly generate one feasible plan (sequence of operations).
The algorithm to generate the initial population will be:

repeat
randomly select one operation among those who
have no predecessors
generate one feasible plan starting with that
operation, choosing next operation randomly,
from between those valid
until the initial population size is reached

4.4 Fitness evaluation

The objective of the process planning problem is to
minimize the production cost (in terms of time) for the
given problem that can be calculated from:

PC =Y (OC, +8C,,, *QOMT,,OMT,))) (1)
i=1

where PC is the production cost, » is the number of
operations, OMT is a combination of operation — machine -
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tool (an operation is machined on a machine with a given
tool), OC; is the machining cost for OMT [ and SC,, , is the
setup cost for changing for OMT i to OMT i+1/.

.
Qx3) =1, l’;j:; @

The operation machining cost for a given combination
of operation, machine and tool can be automatically
calculated [20]. The setup cost is calculated as a sum of
following costs: machine setup, tool setup, machine change
and tool change.

Only valid OMTs are represented on the matrix. One
matrix position has a value only if the precedence relations
allow the transition between the two corresponding OMTs.

The fitness function is calculated for each string in the
population as described in (1).

4.5 Reproduction

The “roulette wheel” method with “elitism” is used for
the reproduction of the strings. This is done by first copying
the best member of the population (the one with lowest
fitness value) to the following generation and then applying
the “roulette wheel” method to the remaining strings.

Although elitism may increase the speed of domination
of a population by a super individual, in general it improves
the genetic algorithm performance [21].

4.6 Crossover

The crossover operator is applied, at a given
probability, to the strings that resulted from reproduction.

Since precedence graphs are used, the crossover
operator must ensure that precedence relations are
maintained and that only feasible strings are generated.

A variant of the operator proposed by [22] is used. The
algorithm is the following:

e based on the string length, two crossover points are
randomly generated to select a segment in one
parent between these crossover sites;

e the offspring, child 1, is generated by arranging the
elements of the selected segment in this parent
according to the order in which they appear in the
other parent with the order of the remaining
elements being the same as in the first parent.

e the role of these parents will then exchange in order
to generate another offspring, child 2.

Here some  problem-specific  knowledge s
incorporated. Since the representation of each gene is done
using an OMT, it is possible to try an optimization at this
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point, since it is possible to minimize the machine and tool
changes.

Then after applying the crossover operator the
following algorithm is used:

i=1
repeat
if the operation i + 1 has, as an alternative, the
same machine than operation i
assign current machine to the operation i + 1
if the operation i + 1 has, as an alternative,
the same tool than the operation i
assign current tool to the operation i + 1
i++
until i = number of operations — 1

An illustration of the crossover operator can be found
in Figure S.

4.6 Mutation

The mutation operator is applied with a small
probability to introduce some genetic diversity, thus
avoiding being struck at a local optimum. Once again it is
important that the application of the mutation operator
generates only feasible strings. Three mutation operations
were used.

The first one refers to the string and consists on the
random exchange of two genes of the string with a
predetermined probability. A feasibility test is applied in
order to guarantee that the string is feasible and the
mutation is applied only if this test returns true.

The other two mutation operators refer to machines and
tools and they are similar. The algorithm is the following:
randomly select a position in the string with a
predetermined probability and randomly choose a machine
(or tool) from all the alternatives to replace the current
machine (or tool).

An illustration of these operators can be found in
Figure 6.

5. An example

Let us consider an example for making a pawn, as
shown in Figure 2, starting with an aluminum cylinder. The
sequence of operations will be obtained by the feasibility
and geometric constraints between parts and tools. There
are also some processing constraints.

The operations and their costs (in terms of time) are
defined in Table 1. The OMT representation was used ->
[operation(area), machine, tool], where area refers to the
areas defined on Figure 2. These costs can be automatically
obtained, as described in [22].



itk
|

},

Figure 2 - An example

Table 1 - Duration of the operations (with machines
and tools allocated)

Table 2 — Valid machines and tools

N. Operation Machines Tools
1 remove(l) 1,2 1,2,3
2 turning(1I) 1,2 2,3
3 facing(I1I) 2 1

4 facing(1V) 2 1

5 facing(V) 2 1

6 turning(VI) 1,2 2,3

Table 3 - Setup times (from one operation to another)

N. Operation Duration (sec) 1 21314 ]15]6

1 [remove(I), 2, 1] 60 I - [remove(l), 2, 1] - 3 {nalnal nal na
2 [turning(il), 2, 3] 74 2 - [turning(11),2,3] | na | - 3 lna| 3 | 34
3 [facing(1Il), 2, 1] 161 3 - [facing(Ill), 2, 1} na | na| - i 2 |35
4 [facing(IV), 2, 1] 122 4 - [facing(IV), 2, 1] na { na { na| - 1 | 34
5 [facing(V), 2, 1] 172 5 - [facing(V), 2, 1] na|naj 1 1 - | 33
6 [turning(V]), 1, 3] 77 6 - [turning(VI), 1,3] | na | na | 34 | 33 } 33 -

However, we do not know in which order the
operations will be carried out. To know this, we will
generate all feasibility, geometric and processing
constraints. They are represented on the precedence graph
shown in Figure 3, together with the list of valid machine
and tools for each operation, represented on Table 2.

In Figure 5, an example of crossover operator
application is presented. The child 1 and the problem-
specific algorithm application are exemplified. The
numbers refer to the operations numbers on Table 3.

a) string crossover

remove(l) Parent 1 Parent 2 Crf)ss Child 1
points
turning(Il) 1,203.516,4 | 1,2,6,53,4 | 2,5 | 1,2,5.3]6,4
b) machine change
facing(I1) facing(V) turning(VI) before (2 machine changes ~2-2>12>2)
l Operation 1 2 S 3 6 4
facing(IV) Current
uren 2 2 2 @—-»1 —»2
- machine
Figure 3 - Precedence graph ’
Alternative 1 | } ) @ .
An example of the precedence cost matrix (PCM) is machines
represented on Table 3, where na means not applicable - i.e. after (0 machine changes)
it is not possible to make a transition from one operation to —
. Operation 1 2 5 3 6 4
the other one, because some constraints apply. A complete -
PCM will include all valid OMTs and the corresponding (if suélrfgz 2 2 2 2 2 2
applicable) setup costs. a
Alternative 1 ] )
-hi - - -
String String Fitness =
No. value Figure 5 —~ An example of crossover application
:12 i’ g’ 2’ 2’ g’ 3 ;g; In Figure 6 an example of string mutation and machine
Ul Bt ok S application is presented. After the production of the

Figure 4 — Example of representation and fitness

Examples of valid strings are represented on Figure 4,
where all the operations needed for machining the pawn are
included and all the precedence relations are considered.
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offspring and the application of the operators, a new
generation is obtained. The whole process is repeated for a
specified number of generations. When this number is
reached, the string corresponding to the lowest fitness value
is taken as the optimal operation sequence.
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a) string mutation

String Resulting string | Feasible?
1,2,5,3,6,4 1,2,5,6,3,4 Yes
b) machine mutation
before
Operation 3 6 4
Current
machine 2 1 2
Alternative
machines - 2 -
Operation 3 6 4
Current
machine 2 1 2
Alternative
machines - 2 -

Figure 6 — An example of mutation application

6. Conclusions

This paper presents a GA approach to process

planning, with the following characteristics:

(1]

(2]

B3]

(4]

[3]

[6]
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e users can define and modify the manufacturing
environment

e since all available machines and tools are
considered, the whole solution space is considered,
allowing globally optimal solutions to be found

e only feasible sequences are considered and
generated

e new crossover and mutation operators are used
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