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Forging is a cost-effective way to produce net-shape or near-
net-shape components. Forged components are used throughout
the manufacturing sector in many different applications. Owing
to the lack of an accurate process model, modern forging
operations still largely rely on operator skills and experience.
The expertise of skilled operators can help to develop a forging
process model. However, these operators’ expert knowledge is
accumulated through years of hands-on experience and is often
biased towards their own heuristic. It is well known that
accurate acquisition of this type of knowledge is challenging
and time-consuming. In this paper, an innovative approach is
developed to acquire forging process knowledge automatically
by combining learning ability of the neural networks with the
structured knowledge representation of rule-based systems. The
approach is applied to the classification of process methods
used in a type of impression-die forging, namely, drop hammer
forming. Specifically, process data from an aerospace com-
pany’s production facility are collected. The data are processed
and then used to train a back-propagation neural network. By
analysing the connections and weights of the trained neural
network, concise and intelligible rules are extracted. These
rules can be used to allow a clearer specification of the drop
hammer forming process plan and to shorten learning curves
for novice operators.

Keywords: Drop hammer forming; Knowledge acquisition;
Neural networks; Rule extraction

1. Introduction

Forging is the oldest known metal working process. During
the forging process, a metal workpiece is plastically deformed
by pressing, squeezing, or hammering forces, at temperatures
ranging from ambient to 1500°C. The controlled process of
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deformation that takes place imparts exceptional metallurgical
soundness and mechanical properties to the forging – structural
integrity, impact strength, fracture toughness, fatigue life, and
uniformity. Forged components are used throughout the manu-
facturing sector in many different applications. They are found
in over 20% of the products representing the gross domestic
product (GDN) of the USA, and hence, are essential to the
US industrial economy [1]. Current industrial forging operations
still remain skill-based to a large extent. As a result, operator
experience plays an important role in forging quality and
productivity. There is also much trial and error in developing
processes for producing forged components, which results in
significant inefficiency. In order to overcome this, it is
important to develop computer-aided process planning for forg-
ing. Process planning knowledge is usually accumulated
through years of hands-on experience. It is heuristic in nature,
and, thus, very difficult to computerise.

Traditional techniques for computerising heuristic knowledge
are based mainly on the symbolic artificial intelligence (AI)
paradigm, where a knowledge engineer interviews a domain
expert, acquires and documents the expert’s knowledge in
terms of IF-THEN rules, and transfers the knowledge into a
computerised expert system. It is well known that this approach
suffers from the knowledge acquisition bottleneck [2–4]. This
drawback is especially severe in manufacturing applications.
Manufacturing experts (including forging experts) are those
who actually work with the machines on the shop floor. They
do not usually receive formal scientific training and have poor
articulation ability. Although they can solve a complex problem
easily, they usually have difficulty explaining why and how
they make a particular decision. Therefore, interview-based
knowledge acquisition methods, such as unstructured or struc-
tured interviews with domain experts, verbal protocol analysis,
and concept maps, have not been very successful in the
manufacturing domain [5].

Recently, the advent of artificial neural networks has stirred
the imagination of many in the field of knowledge acquisition.
Neural networks belong to a family of models that are based
on a learning-by-example paradigm in which problem-solving
knowledge is generated automatically according to actual
examples presented to them. The knowledge, however, is rep-
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resented at a subsymbolic level in terms of connections and
weights. Neural networks act like black-boxes providing little
insight into how decisions are made. They have no explicit,
declarative knowledge structure that allows the representation
and generation of explanation structures. Thus, the knowledge
captured by a neural network is not transparent to users and
cannot be verified by domain experts. This creates a major
problem for users of neural-network-based systems. Since the
knowledge representation and problem-solving processes
employed by a neural-network-based system are not readily
intelligible to users, users will not be able to interact com-
petently and efficiently with the system. In addition, users will
not be confident in the reasoning and advice of the system.

In this paper, an innovative approach is developed to acquire
forging process knowledge automatically by combining the
learning ability of neural networks with the structured knowl-
edge representation of rule-based systems. The approach is
applied successfully to the classification of process methods
used in a type of impression-die forging, namely, drop hammer
forming. The paper is organised as follows. In Section 2,
literature on forging process planning is reviewed briefly,
including the applications of expert systems and neural net-
works. Techniques used for extracting rules from trained neural
network are also discussed. Section 3 presents the problem of
process method classification for drop hammer forming, which
is the first step in process planning. In Section 4, the neural-
network-rule-based integrated knowledge acquisition method-
ology is applied to solve the process method classification
problem. Finally, conclusions are drawn regarding the utility
and applicability of the integrated methodology for forging
process knowledge acquisition.

2. Background

2.1 Forging Process Planning

Computer-aided process planning (CAPP) is a critical link
between computer-aided design (CAD) and computer-aided
manufacturing (CAM). Many workers have devoted their efforts
to CAD/CAM/CAPP research over the past three decades.
However, much of the work has been carried out on material
removal processes, and less attention has been given to process
planning and modelling of forging. The earliest attempt in
developing a CAPP system for forging is probably that reported
by Gokler et al. [6]. They applied the knowledge-based expert
system approach, where a set of rules is collected and stored
in a knowledge base. An inference engine operates on these
rules to generate a forging sequence, including the most suitable
process parameters for each operation. This approach was also
adopted by a number of workers including Barcellona et al.
[7], Alberti et al. [8], Osakada et al. [9,10], Yang and Osakada
[11], Bariani and Knight [12], and Sevenler et al. [13].

As mentioned before, the development of a knowledge-based
expert system requires both the efforts of a knowledge engineer
and a domain expert. The knowledge engineer interviews the
domain expert, extracts the domain expert’s knowledge, and
transfers the knowledge into an expert system. Forging experts
are usually shop floor machinists who are not articulate; thus,

rendering interview-based knowledge acquisition techniques
inadequate. Therefore, alternative knowledge acquisition
methods are being sought. One interesting approach is the
application of neural networks. Since neural networks can be
trained with examples to solve a problem, they have been
applied to the acquisition of forging knowledge. Works reported
in the literature include Li et al. [14], Alberti et al. [15,16],
Barcellona [17], and Osakada and Yang [18].

Although neural networks excel in automated knowledge
acquisition, they do not have a humanly understandable knowl-
edge representation. In neural networks, knowledge is not
represented symbolically, but in the form of distributed pro-
cessing and localised decision rules [19]. This subsymbolic
representation makes neural networks more resistant to noise
than the traditional symbolic representation. However, the rep-
resentation is very difficult for a human user to comprehend.
As previously mentioned, neural networks have been regarded
as black-boxes, and user trust becomes a major issue. Engineers
and operators from the forging industry are usually skeptical
about neural-network-based techniques because of their opacity.
This hampers the wide application of neural networks in
forging knowledge acquisition. It is becoming increasingly
apparent that neural networks alone are not sufficient for
knowledge acquisition and a humanly intelligible representation
of knowledge acquired by neural networks must be developed.
Hence, workers are interested in extracting rules from trained
neural networks. Extracted rules provide an explanation capa-
bility for neural networks, and have potential to unravel the
neural network black-box mystery.

2.2 Rule Extraction from Trained Neural Networks

Andrews et al. [20] classified rule extraction techniques into
two categories, namely, decompositional and pedagogical. The
decompositional approach focuses on extracting rules at the
level of individual neurons within a trained neural network,
whereas the pedagogical approach aims to extract rules that
map inputs directly into outputs. Rules extracted using these
approaches are crisp rules. Several studies showed that under
certain assumptions, a neural network could be approximated
to any degree of accuracy using a fuzzy system, and vice
versa [21,22]. Therefore, there is interest in integrating neural
networks with fuzzy systems to facilitate rule extraction, which
falls into a third category. An in-depth survey of literature
relevant to rule extraction is summarised in Table 1.

To test different rule extraction techniques, a case study was
conducted using the N-M-N encoder/decoder problem [38]. An
N-M-N encoder/decoder means a three-layer neural network
with N neurons for the input and output layers, and M neurons
for the hidden layer. The network is given with N distinct
input patterns, for each of which only one bit is turned on,
and all other bits are turned off. The network should duplicate
the input pattern in the output layer. The result showed that
decompositional rule extraction techniques are more robust
because they are developed based on theoretical analysis of
the behaviour of neurons in a neural network. A significant
advantage of the decompositional approach is its transparency,
since it relies on the analysis of the connections and weights
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Table 1. Literature relevant to rule extraction.

Technique Reference Decompositional Category Fuzzy
Pedagogical

RuleNet McMillan et al. [23] �
Subset Fu ([24,25], Towell and Shavlik [26] �
M-of-N Towell and Shavlik [26], Maire [27] �
RULEX Andrews and Geva [28,29] �
Similar-weight Saito and Nakano [30] �
VLA Thrun [31] �
Extraction-as-learning Craven and Shavlik [32] �
REFuNN Kasabov [33] �
NEFCLASS Nauck and Kruse [34,35] �
Fuzzy-MLP Mitra [36] �
FuNe I Halgamuge and Glesner [37] �

of a trained neural network. In terms of shedding light to the
neural network black-box mystery, the decompositional
approach is more desirable than the pedagogical approach.
Unfortunately, the majority of decompositional rule extraction
research focuses on replicating the performance of the underly-
ing neural network instead of the transparency of the extracted
rules. As a result, the extracted rules are often in such an
obscure form that they do not make any sense to a domain
engineer.

3. Drop Hammer Forming

Impression-die forging, often referred to as closed-die forging,
accounts for the bulk of commercial forging production. Drop
hammer forming is a type of impression-die forging that is
used extensively in the production of aircraft engine nacelles.
Figure 1 shows a drop hammer forming station. Two matching
dies are used. The bottom die, fixed at the station table (anvil),
is called a tool. The top die, attached to the hammer head, is
called a punch. Drop hammer forming derives its forming
forces from the dead-weight fall of the hammer head and
punch. The type of stress applied is largely controlled by the
configuration of the die. The use of traps and beads in an
excess area of the die locks the part material and causes the

Fig. 1. A drop hammer forming station.

material to be stretched or drawn into the die cavity. The
metal-to-metal contact of the punch to the tool provides the
compressive action. This dual forming ability provides a means
for forming shapes that would be difficult by any other method.

The drop hammer forming process methods can be classified
into three categories:

1. Bare punch.
2. Blow down.
3. Blow up.

Bare punch is the simplest procedure. Parts are produced using
a single hammer blow and no forming aids are needed. Blow
down and blow up procedures require the use of forming aids
and multiple punch blows (Fig. 2). The most commonly used
forming aids are made of rubber, since this has the ability to
flow like liquid when squeezed or impacted. The rubber sheets

Fig. 2. Process methods that use forming aids: (a) blow up, and (b)
blow down.
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are placed on (blow down) or under (blow up) the part to
form a pyramid. During the forming process, the pyramid
causes the impact force to flow in the direction of the least
rubber build-up, thus preventing wrinkles and folding. After
each punch blow, one or two sheets of rubber will be removed
before the next punch blow is applied. The distance of the
punch blow may vary depending on the part and die configur-
ation.

The determination of the process method is the first step in
generating a process plan for drop hammer forming. Experi-
enced operators could look at a certain part and die configur-
ation, and choose a process plan quickly. However, they were
unable to clearly explain the rationale in their decisions.
Instead, they attributed their ability to “many years of experi-
ence with a lot of knowledge involved”. Fortunately, they did
identify several key factors that they paid close attention to
when determining the process plan. These factors are part
material type, type of tool (male or female), maximum draw
depth of the tool, and number of corners of the part. They
influence the drop hammer forming process as discussed in
the following.

Part material type. Three types of part material are used
frequently, namely, aluminium, steel, and titanium. The material
of the part can determine the selection of different types of
rubber as forming aids. For example, because titanium is very
hard, usually the part is heat treated (above 1100°F for 10
min) before the forming process is applied. As a result, harder
and heat resistant rubbers are needed as forming aids.

Type of tool. Generally, there are two types of tool according
to their geometric configuration, namely, male and female. The
geometric configuration determines where forming aids (rubber
sheets) can be placed, i.e. on or under the part. The determi-
nation of tool type is not always straightforward. Not only the
tool geometry but also the part geometry must be considered.
For example, consider the two tools shown in Fig. 3. The tool
in Fig. 3(a) is a male tool since the part is formed using the
rib located in the middle of the tool. The tool in Fig. 3(b) is
a female tool, because the part will be drawn into the cavity
during forming.

Maximum draw depth. The maximum draw depth, to some
extent, decides on the number of hits the operators should apply
during the drop hammer forming process. Softer materials, such
as aluminium and mild steel, can be drawn in one stage to
around 2 in. However, hard material, such as titanium, can
only be drawn in one stage to about 0.5 in.

Number of corners. The number of corners is determined by
the shape of the part to be produced. Sometimes, the number
of corners can be determined by simply looking at the tool.
For example, the tool shown in Fig. 3(b) is used to produce
parts with 4 corners. However, in other circumstances, the
determination of the number of corners requires checking both
the tool and the part. For example, the tool shown in Fig. 4(a)
appears to have 7 corners. However, knowing that the part is
produced as shown in Fig. 4(b), we can conclude that the
number of corners is actually 3. These three corners are:

1. The sharp corner at the left.

Fig. 3. (a) A male tool. (b) A female tool.

2. The smooth corner at the upper right.
3. The small corner at the lower right (around the bulge at

the bottom of tool shown clearly in Fig. 4(a).

The four corners of the tool are not counted because they are
not used to form the part.

4. Extraction of Classification Knowledge

As mentioned previously, although expert machinists could
help to identify major factors that influence their decisions,
they were unable to provide any concrete IF-THEN rules to
classify drop hammer forming process methods. In this section,
a neural network based approach is used to acquire the classi-
fication knowledge automatically from empirical data.

4.1 Methodology

The methodology builds on and enhances previous decompo-
sitional rule extraction approaches by introducing the concept
of linguistic terms into data processing to serve as a basis for
extracting easy to understand IF-THEN rules. Recall that the
binary output of an artificial neuron is defined as:

O = f(net) = �1, net � 0

0, net �0
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Fig. 4. Corners of part: (a) tool, and (b) part to be formed by the tool.

in which

net = �n

i=1

wixi − B

Therefore, if a certain combination of weighted input values
of a neuron is greater than its bias, then the status of the
neuron is on; otherwise, its status is off. Based on this neuron
behaviour, rules can be extracted if the input and output
parameters of the neural network are binary [24–26].

In real-world applications, continuous-valued parameters are
involved most often. To deal with this problem, the following
method is used:

Step 1. Classify the continuous-valued inputs into sets described
using a linguistic term.

Step 2. Represent the sets using a binary scheme.
Step 3. Construct a neural network with binary inputs.

Step 4. Train the constructed neural network.

Step 5. Extract rules from the trained neural network based
on the behaviour of neurons.

The data conversion scheme can also be applied to output
parameters. Details of the data conversion procedure can be

found in [39]. Since different classification methods result in
different numbers of linguistic terms being used, a generalised
representation is used to describe the result of data conversion.
The following notation is used:

N = number of input parameters of the original
data set

M = number of output parameters of the original
data set

Ii = input parameter i (i = 1, 2, %, N)
Oj = output parameter j (j = 1, 2, %, M)
Li = number of linguistic terms used to describe Ii

Kj = number of linguistic terms used to describe Oj

T(Ii, a) = ath linguistic term used to describe Ii (a = 1,
2, %, Li)

T(Oj, b) = bth linguistic term used to describe Oj (b = 1,
2, %, Kj)

Once the neural network is trained using the converted data,
intelligible rules can be extracted. Figure 5 shows a partial
neural network with one output neuron that stands for the
consequent “Oj is T(Oj, b).” Since, if the sum of a neuron’s
weighted input is greater than its bias then the neuron is on,
the problem of extracting antecedents that will result in the
consequent “Oj is T(Oj, b)” can be formulated as follows:

Find all xia that satisfy

�N
i=1

�Li

a=1

xia × wia − B � 0

subject to

xia � {0, 1} (1)

�Li

a=1

xia = 1, ∀ i (2)

Constraint (1) reflects the fact that after data conversion, the
inputs are binary. Constraint (2) ensures that a certain value
of an input parameter can be described using one linguistic
term only as restricted by the data conversion procedure.

An algorithm, based on a dynamic depth-first search prin-
ciple, has been developed to solve the rule extraction problem.

Fig. 5. A binary neural network with one output neuron.
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In order to reduce the search space, all the negative weights
of the neural network are converted into positive ones. The
procedure is based on the weight transformation theory dis-
cussed in [40,41]. Details of the procedure can be found in
[42]. After conversion, the weights eij are sorted in descending
order to facilitate the dynamic depth-first search. A rule tree
is constructed as follows. The root is established with L1

weighted edges (e11, e12, %, e1L1
), thus determining the first

level nodes (there are L1 nodes, denoted, v1, v2, %, vL1

respectively). Each first-level node has L2 children nodes with
weighted edges e21, e22, %, e2L2

. Therefore, there are L1 � L2

second-level nodes, denoted v11, v12, %, vIL2
, v21, v22, %,

v2L2
, %, vL1L2

, respectively. Continuing the process until the

last level (the Nth level), we will have �N
i=1

Li leaves (nodes

that have no children). It can be seen that the time required
to traverse the rule tree completely increases drastically with
the increase of the number of input parameters N and the
number of linguistic terms used for each parameter (Li, i = 1,
2, %, N). Fortunately, converting and sorting the weights allow
us to terminate the search without fully exploring the rule tree.
Since all the weights are positive, if we encounter a node that
results in a rule (i.e. the sum of weights of the traversed edges
is greater than or equal to the bias B), then we do not need
to explore its child nodes further. The search procedure can
be further simplified. Note that for each parameter i, ei1, ei2,
%, eILi

are sorted in descending order. Therefore, if we reach
a leaf (say, va1a2,%,aN

), and the sum of weights of the traversed

edges is less than the bias (i.e. �N
i=1

eiai
− B � 0), then a leaf

vb1b2,%,bN
(called a less promising leaf) does not need to be

traversed if bi � ai, ∀ i � {1, 2, %, N}. This means that
the rule tree can be created dynamically. As a result, a dynamic
depth-first search algorithm for rule extraction is developed
as follows:

procedure dynamicFdepth-firstFsearch(e, B)
{e – converted weight matrix; B – bias}

{let vt1t2,%,tN
denote the target leave to be explored}

initialise all ti to 1, in which i = 1, 2, %, N {the left
most leaf}

loop
s ← -B; i ← 1
while (s � 0 and i � N) do s ← s + eiti

{traverse
the edges}

i ← i + 1
if s � 0 then {a rule is found}

report vt1t2,%,ti−1
as a rule

for j ← i to N
tj ← Lj {no need to explore child nodes}

else {rule not found when reaching a leaf}
{no need to explore less promising leaves}
j ← N
while (j � 1 and tj = 1) do tj ← Lj

j ← j − 1
if j = N then

tN ← LN

j ← N; tj ← tj + 1 {advance to the next leaf}

while (tj = Lj + 1 and j � 1) do tj = 1
j ← j − 1
tj ← tj + 1

if (t1 = L1 + 1) then
exit loop {no more leaves to traverse}

end loop

The dynamic depth-first search algorithm will extract all
possible rules from a trained neural network. These rules have
different levels of importance. The importance of a rule can
be represented using its corresponding activation value, denoted
as the rule’s weight. For a rule represented by vt1t2,%,ti

, its
weight is calculated as follows

w = �e1t1
+ e2t2

+ % + eiti
, if i = N

e1t1
+ e2t2

+ % + eiti
+ e(i+1)1 + % + eN1, if i � N

To improve the generalisation ability of the extracted rules,
we can set a threshold value, T, to control the number of
important rules. In other words, if the weight of a rule is
greater than T, then the rule is reported as an important rule.
A general practice is to set T = 2.197, which results in a
neuron output of 0.9 when a unipolar sigmoid function, i.e.
f(net) = 1/(1 + exp(−net)), is used as the neuron activation func-
tion.

4.2 Results

The methodology previously described was applied to extract
knowledge for classifying drop hammer forming process
methods. Twenty data samples were collected, as shown in
Table 2. Three linguistic terms are used to describe part
material type, namely, soft, medium, and hard. Aluminium is
soft, steel is medium, whereas titanium is hard. Two linguistic
terms, small and large, are used to describe maximum draw
depth. If a maximum draw depth is less than 2.875, then it is
small; otherwise, it is large. Number of corners is described
using three linguistic terms, namely, none (0), low (1, 2, and
3), and high (4, 5, and 6). Two linguistic terms, male and
female, are used to describe type of tool. These linguistic
terms are determined with the help of expert operators.

The converted data samples are used to train a neural
network. It was found that a neural network without any hidden
neurons could be trained to reduce the error to 0.001 after
1926 epochs. After weight conversion, the dynamic depth-
search algorithm is applied and the following rules are
extracted:

Rule 1. IF (Number of corners is None) AND (Type of tool
is Male) THEN (Process method is Bare punch)
(Weight 4.73)

Rule 2. IF (Maximum draw depth is Small) AND (Part
material type is Soft) AND (Number of corners
is None) THEN (Process method is Bare punch)
(Weight 0.81)

Rule 3. IF (Maximum draw depth is Small) AND (Part
material type is Medium) AND (Number of corners
is None) THEN (Process Method is Bare punch)
(Weight 0.53)
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Table 2. Drop hammer forming process data.

Sample Part number Part material Maximum draw Number of Type of tool Process method
type depth corners

1 221-0130-11 Steel 1.00 3 Female Blow down
2 221-0518-13 Titanium 2.50 3 Female Blow down
3 221-0518-7 Titanium 0.25 1 Female Blow down
4 221-0518-9 Titanium 2.00 1 Female Blow down
5 221-0526-31 Titanium 3.00 4 Male Blow up
6 221-0526-35 Titanium 3.00 2 Female Blow down
7 290-0031-515 Aluminium 2.00 0 Male Bare punch
8 313N5036-4 Titanium 2.50 4 Female Blow down
9 313N5094-8 Titanium 2.50 2 Male Blow up

10 5938058-93 Steel 0.75 4 Female Blow down
11 5938068-53 Aluminium 0.50 2 Female Blow down
12 5958896-15 Titanium 0.75 2 Female Blow down
13 65C18554-765 Steel 1.44 0 Male Bare punch
14 715-0383-501 Steel 1.00 3 Female Blow down
15 740-0515-1581 Aluminium 1.00 1 Female Blow down
16 LJ71232-1 Titanium 0.50 2 Female Blow down
17 LJ75051-35 Steel 5.50 4 Female Blow down
18 LJ75051-60 Steel 1.25 6 Female Blow down
19 LJ75055-81 Steel 0.50 1 Female Blow down
20 LJ75639-502 Titanium 0.25 1 Female Blow down

Rule 4. IF (Type of Tool is Female) THEN (Process method
is Blow down) (Weight 5.84)

Rule 5. IF (Part material type is Hard) AND (Number of
corners is Low) AND (Type of tool is Male) THEN
(Process Method is Blow up) (Weight 4.48)

Rule 6. IF (Part material type is Hard) AND (Number of
corners is High) AND (Type of tool is Male) THEN
(Process Method is Blow up) (Weight 4.45)

Rule 7. IF (Maximum draw depth is Large) AND (Part
material type is Hard) AND (Type of tool is Male)
THEN (Process Method is Blow up) (Weight 0.25)

Rule 8. IF (Maximum draw depth is Large) AND (Part
material type is Soft) AND (Number of corners is
Low) AND (Type of tool is Male) THEN (Process
Method is Blow up) (Weight 0.20)

Rule 9. IF (Maximum draw depth is Large) AND (Part
material type is Soft) AND (Number of corners is
High) AND (Type of tool is Male) THEN (Process
Method is Blow up) (Weight 0.17)

Rule 10. IF (Maximum draw depth is Large) AND (Part
material type is Medium) AND (Number of corners
is Low) AND (Type of tool is Male) THEN
(Process Method is Blow up) (Weight 0.17)

Rule 11. IF (Maximum draw depth is Large) AND (Part
material type is Medium) AND (Number of corners
is High) AND (Type of tool is Male) THEN
(Process Method is Blow up) (Weight 0.14)

Rules 2, 3 and 7 to 11 are dropped because they have very
small weights. These rules are actually valid but too specific.
For example, experts regarded rule 2 as correct, but they
pointed out that parts with large maximum draw depth can
also be produced using bare punch as long as they do not
have any corners (Fig. 3(a) shows the tool for such a part).
Rules 5 and 6 can be combined. As a result, three important

rules are extracted, one for each process method. These rules
are:

Rule A. IF (Number of corners is None) AND (Type of tool
is Male) THEN (Process method is Bare punch)

Rule B. IF (Type of Tool is Female) THEN (Process
method is Blow down)

Rule C. IF (Part material type is Hard) AND (Number of
corners is NOT None) AND (Type of tool is Male)
THEN (Process Method is Blow up)

Upon examining these rules, we can see that maximum draw
depth is not included in the rule premises, which means it is
not important in determining process methods. However, they
were identified by expert machinists as key factors in process
planning for drop hammer forming. When this issue was
discussed, the expert machinists were quick to point out that
maximum draw depth is a critical factor in determining the
number of punch blows in blow down and blow up. They
agree that it is probably not important in determining the
process methods.

5. Conclusion

The acquisition of process knowledge is critical in developing
a computer-aided forging process planning system. This paper
presents an innovative approach to facilitate process knowledge
acquisition from domain experts. The approach is applied to
the classification of drop hammer forming process methods
with promising results. It relies on the learning and generalis-
ation ability of neural networks to capture heuristic process
knowledge automatically, and uses a rule-based paradigm for
transparent knowledge representation. The extracted process
knowledge is represented using highly intelligible and intuitive
rules. These rules can be verified easily by domain experts.
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They can then be used to:

1. Construct a computerised system to allow clearer and con-
sistent process specification.

2. Educate novice operators to shorten their learning curves.
The neural-network-rule-based integrated approach for

automated process knowledge acquisition provides a new
dimension in process planning and modelling of the forging
process, where traditional knowledge acquisition methods have
not been very successful. Currently, the approach is applied
only to classification problems. In the future, we will investigate
the application of the approach to deal with function approxi-
mation problems, e.g. determining the height of punch blow.
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