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Introduction
Due to the complexity of today’s
manufacturing environment, the
concurrent goals of higher production
rates, lower production costs and better
product quality create a tremendous
challenge for manufacturers competing
in the world marketplace.
There are two prevalent goals
related to improving current manufacturing processes. One is to develop
integrated self-adjusting systems that are
capable of manufacturing various
products with minimal supervision and
assistance from operators. The other is
to improve product quality and reduce
production cost. To achieve these goals,
on-line 100% process monitoring is one
of the most important requirements.
Two problems need to be addressed in the area of process control:
(1) for complex processes with interactions among variables, traditional SPC
methods are insufficient, and (2) neural
network modeling has been widely
used and proven for process monitoring
but remains limited in the area of
control. Even in cases where the neural
network model provides insight on a
control action to be taken, the adjustments are made by the operator and not
performed automatically. The time it
takes to make an adjustment once an
out-of-control situation is detected may
result in product that does not meet
quality standards.
The process of induction hardening
has many complex interactions, such as
nonlinearity, between process variables. Artificial neural networks have
the ability to tackle the problem of
complex relationships among variables
that cannot be accomplished by more
traditional methods. Simple linear
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regression is not an answer for processes like these that have nonlinear
properties. A neural network model has
another advantage in that it can predict
an output with accuracy even if the
variable interactions are not completely
understood. The use of artificial neural
networks as a tool for these problems
will be the basis of this paper.
Artificial neural networks (ANNs)
are excellent tools for complex manufacturing processes that have many
variables and complex interactions.
Neural networks have provided a means
of successfully controlling complex
processes (Toosi and Zhu 1995, Hubick
1992, Hoskins and Himmelblau 1992,
Coit and Smith 1995, Fan and Wu 1995,
and Chovan, Catfolis and Meert 1996).
Other applications of neural networks
include bearing fault classification
(Spoerre, 1997), turning, tapping, and
welding comparisons (Du, Elbestawi,
and Wu 1995), acoustic emission for
tool condition monitoring (Toosi and
Zhu 1995), temperature control in a
continuous-stirred-tank reactor (Hoskins
and Himmelblau 1992), and monitoring
of chip production and cutting-tool wear
(Hubick 1992). Pham and Oztemel
(1994) used an integrated neural
network-based pattern recognizer and
expert system for analyzing and interpreting control charts. In another
application, artificially intelligent
process control functions based on a
unique combination of rule-based expert
systems and neural networks were
developed to control a complex pulp and
paper process (Beaverstock 1993).

Methodology
Neural networks are computational
models that share some of the proper-
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ties of the brain. These networks
consist of many simple “units” working
in parallel with no central control, and
learning takes place by modifying the
weights between connections. The
basic components of an ANN are
“neurons”, weights, and learning rules
(Huang & Zhang, 1995).
In general, neural networks are
utilized to establish a relationship
between a set of inputs and a set of
outputs. Figure 1 shows the general
architecture of a multilayer,
feedforward neural network. ANNs are
made up of three different types of
“neurons”: (1) input neurons, (2)
hidden neurons, and (3) output neurons. Inputs are provided to the input
neurons, such as machine parameters,
and outputs are provided to the output
neurons. These outputs may be a
measurement of the performance of the
process, such as part measurements.
The network is trained by establishing
the weighted connections between the
input neurons and output neurons via
the hidden neurons. Weights are
continuously modified until the neural
network is able to predict the outputs
from the given set of inputs within an
acceptable user-defined error level.
Artificial neural networks used in
investigating the induction hardening
process are multilayer feedforward
networks using backpropagation for
weight update (Figure 1).
Figure 1. Multilayer feedforward
artificial neural network

outputs

inputs

•

Volume 16, Number 1

•

November 1999 to January 2000

The activation function used
during training is the sigmoid function
defined in Equation 1.

output =

1
1 + e − sum

(1)

Initially, weights connecting input
and hidden units and weights connecting hidden and output units are assigned a random value:

w1ij = random (-0.1,0.1) for all(2)
i = 0,..., A; j = 1,..., B
w2 ij = random (-0.1,0.1)

for all (3)

i = 0,..., B; j = 1,..., C
where w1ij = weights between unit i in
input layer to unit j in hidden layer
w2ij = weights between unit i in hidden
layer to unit j in output layer

x 0 = 1.0

(4)

h0 = 1.0

(5)

Activation values for units in the
input layer to units in the hidden layer
are calculated by:
hj =

1
A
w1ij xi
∑
1 + e i =0
−

for all

j = 1,..., B (6)

where xi = value of unit i in the input
layer and xo = 1.0
hi activation value of unit i in the
hidden layer

Output Layer

Activation from units in the hidden
layer to units in the output layer are
propagated using:

Hidden Layer

oj =

Input Layer

where oj = activation value of unit j in
the output layer

1
1+ e

−∑iB= 0 w2ij hi

for all

j = 1,..., C

Errors, δ2j, in the units in the
output layer, are computed using
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(7)

(
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δ2 j = o j 1 − o j y j − o j
for all

(8)

j = 1,..., C

where yj = target value of unit j in the
output layer
Errors in the units in the hidden layer,
represented as δ1j, are determined by

(

δ1 j = h j 1 − h j
for all

)∑ δ2
C

i

⋅ w2 ij

(9)

i =1

j = 1,..., B

Weights are adjusted between the
hidden layer and output layer (Equation 10) and between the input and
hidden layer (Equation 11) where the
learning rate is denoted η;

∆w2 ij = η ⋅ δ2 j ⋅ hi for all
i = 0,..., B; j = 1,..., C

(10)

∆w1ij = η ⋅ δ1 j ⋅ xi for all
i = 0,..., A; j = 1,..., B

(11)

Once the network is sufficiently
“trained”, a general model is created
for the relationship between inputs and
outputs. The user can then determine
the impact that a specific set of process
inputs has on a set of process outputs.
For example, what affect does a change
in machining parameters have on the
quality of the machine part?
ANNs need to know little about
the process itself; therefore, a network
can be constructed and trained with a
set of representative data from the
process. A network has the capability
of learning and adapting to situations
that it has not yet seen due to its
generalization capabilities. After
sufficient training, the ANN model can
be used to monitor process parameters
to determine, with the current parameters, if the process is moving toward
an “out of control” situation. The
advantages of using an ANN for
process control are overwhelming and
in many cases can greatly improve the
quality of the process and product. The
induction hardening process in this
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paper is a candidate for neural network
applications since the interaction of
variables is not well understood and
has not yet been modeled.

Induction Hardening Process
Induction hardening uses heat
generated by the resistance of the metal
by passing high frequency induced
electrical currents over the selected
area to surface-harden the metal. Once
a part is machined and within specification, it can be induction hardened to
provide a strong, hard, wear-resistant
surface (Jacobs and Kilduff 1994).
Induction hardening changes the
microstructure of the steel by first
transforming the outer layers of the
part into austenite, occurring above
750° C. After reaching this state, the
part is immediately quenched at a
predetermined rate to further transform
the austenite into martensite, which is a
very brittle and hard state of steel.
Secondary heat treating of the steel
part, called tempering, involves heating
the martensite to selected levels to
transform some or all of the martensite
to allow the structure to relax to an
equilibrium state that is very strong and
hard, but not as brittle (Jacobs and
Kildruff 1994).
At Honeywell Sensing & Control,
the induction hardening process uses a
channel coil that is stationary, and parts
move through that channel. As a part
breaches the opening of the channel, the
heating process begins; heating stops
when the part clears the channel. The
amount of time a part is in the channel
determines the final part temperature.
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channel. A Pearson’s correlation
relative to the hardness average was
calculated and results are shown in
Table 1. Upon completion of the DOE,
coil height and quench distance were
optimized and fixed within the induction hardening workstation. These
variables could not be easily modified
without major changes to the workstation. A regression model was fitted to
the data using motor speed and part
temperature as the independent variables and hardness as the dependent
variable. This model can be seen in
Equation 12.
HA = 95.7 + 0.00200 MS - 0.00425 PT (12)

where:
HA = hardness average
EC = motor speed
PT = part temperature
The adequacy of the regression
model is determined by the coefficient
of determination or R2. The coefficient
of determination for the regression
model was 0.187. This implies that
18.7 percent of the variability in the
data is accounted for by the regression
model. Thus, the linear regression
model produced by this analysis is a
poor representation of the process.
Other regression models were fitted to
the data using transformations of the
original variables. Only a slight
improvement in R2 was attained. As a
result, it was determined that due to the
nonlinear nature of the process and the
interactions between motor speed and
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part temperature, a neural network
approach should be investigated.

Automated Artificial Neural
Network Process Control
System Overview
The framework developed in this
research is a closed-loop artificial
neural network system for automated
control of an induction hardening
process. The system consists of two
backpropagation neural networks, with
the functional block diagram depicted
in Figure 2.
There are two control variables in
the induction hardening used in the
application of the automated artificial
neural network process control system.
The two variables that were found to be
significant as a result of the design of
experiments include motor speed and
part temperature. These were the inputs
into the prediction neural network while
the output was predicted hardness.
A part hardness target of 90 on the
Rockwell HR15N hardness scale is
specified for the induction hardening
process investigated in this paper. If the
predicted hardness is greater than 89.7,
no adjustment is necessary and the
system continues to predict hardness
for new values of motor speed and part
temperature. The 0.3 difference from
the target hardness value compensates
for the presence of system hysteresis to
prevent the neural network from over
adjusting, damping oscillations.
The difference between the predicted hardness and the target hardness
of 90 (or ∆H) is one of the inputs into
the feedback neural network. The

Design of Experiment
The results of the design of
experiment, conducted by Honeywell
Sensing & Control, produced eight
treatments with ten replications each.
The DOE investigated four different
variables: motor speed, coil height,
quench distance, and part temperature.
Motor speed was the distance at which
parts travel through the induction coil,
coil height was the distance from the
part to the coil channel, quench
distance was the distance the part fell
from the carousel to the quench
solution, and part temperature was
taken at the time the part leaves the

Table 1. Regression analysis for design of experiment data
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second input is the part temperature,
which is assumed to remain unchanged
from the time it is entered into the
prediction network until the time the
system is adjusted. The feedback neural
network uses the part temperature and
∆H to provide the recommended change
in motor speed (∆MS) to improve the
hardness reading.

Prediction Neural Network
Training and Testing
For all network training, a
backpropagation neural network
software package, BrainMaker, was
utilized. The prediction neural network
is a backpropagation, supervisedlearning network. The network chosen
for the prediction neural network had 2
input layers, 3 hidden layers and one
output. Training took place using 30
data sets and testing with 15 data sets.
For the prediction neural network to
have the desired accuracy, the network
was trained to a training tolerance of
5% of the hardness range. The learning
rate was set to adjust the weights by
0.1. The same train and test data were
used in the final model. A plot of the
train predicted hardness versus train
actual hardness is shown in Figure 3. A
plot of the test predicted hardness
versus test actual hardness is shown in
Figure 4. The RMS error for the test
data was calculated to be 0.410.
Compared to the previous regression
model (Equation 12), the sum of
squared errors for the test data was
significantly less using the neural
network model. For the regression
model, SSEreg = 15.68, and for the
prediction neural network model,
SSENN = 2.53.

Feedback Neural Network
Testing and Training
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Figure 2. Automated artificial neural network process control system

Induction
Hardening
Process

motor speed

part temperature

Prediction
neural
network

predicted hardness

change in motor speed
∆MS

no
adjustment
needed

is predicted
hardness
> 89.7
no

feedback
neural
network

change in hardness
∆H

target
- predicted
hardness

Figure 3: Prediction network train data - actual hardness versus predicted hardness.

Figure 4: Prediction network test data - actual hardness versus predicted hardness.

The feedback neural network is a
backpropagation, supervised-learning
network. The network selected for the
prediction neural network had 4 hidden
layers, in addition to 2 input layers and
one output layer. Network training was
performed on 14 data sets and testing
with 9 data sets. For the feedback
neural network to have the desired
accuracy, the network was trained with
a training tolerance of 5% of the
hardness range. The learning rate was
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set to adjust the weights by 0.1. The
same train and test data were used in
the final model. A plot of the predicted
∆ motor speed versus actual ∆ motor
speed during training is shown in
Figure 5. A plot of the test results for
predicted ∆ motor speed versus actual
∆ motor speed is shown in Figure 6.
The RMS error of the test data was
calculated to be 0.002977.

•

Volume 16, Number 1

•

November 1999 to January 2000

•

www.nait.org

Figure 5: Feedback network train data - actual ∆ motor speed versus predicted
∆ motor speed.

Validation of System
The prediction neural network was
tested with 32 data sets from the
original process data. Each data set
contained two inputs, motor speed and
part temperature, and an output
hardness value was returned by the
prediction neural network.
The inputs to the feedback neural
network consisted of the ∆ hardness
value, or the difference between a
target hardness of 90 HR15N and the
predicted hardness, and part temperature. If the predicted hardness value
was 89.7, the system was not adjusted.
A hardness of 89.7 was selected as a
threshold since this would accommodate system hysteresis. If the value was
less than or equal to 89.7, the predicted
hardness was subtracted from the target
hardness to obtain a ∆ hardness value.
This value represented how far the
system was from the target at the
current settings. The function of the
feedback neural network was to
determine the change in motor speed
necessary to move the hardness value
closer to the target (90 HR15N). Using
the change in motor speed recommended by the feedback neural
network, the new motor speed and part
temperature were entered into the
prediction neural network. Table 2
shows the predicted hardness readings
with the adjustments in motor speed.
For example, in the first row of Table 2,
at a motor speed of 0.5415 RPM and
part temperature of 1718 °F, the neural
network predicts a hardness of 88.591
HR15N. The deviation from target is
90-88.591 = 1.409 HR15N. The 1.409
value and the part temperature were
used to determine the change in motor
speed required to move the hardness
reading closer to 90 HR15N. The
output of the second network is a
change in motor speed of +0.0011

Figure 6: Feedback network test data - actual ∆ motor speed versus predicted
∆ motor speed.

RPM. This results in a new motor
speed of 0.5426 RPM which corresponds to an improved hardness of
88.852 HR15N.
The results of validation 1 are
summarized in Table 3, which shows
the comparison between hardness
readings with and without the neural
networks. Figure 7 shows a plot of
actual hardness without the ANNs and
predicted hardness with the ANNs.
A second set of data was used to
validate the automated neural network
process control system. The first
validation model contained actual
hardness test results from the process.
As further evidence of the effectiveness of the model, an arbitrary set of
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inputs was used in the prediction
network (Table 4). Previous test
results proved the generality of the
prediction neural network. A comparison of hardness readings with the
ANNs and without the ANNs is
provided in Table 5. Figure 8 shows a
plot of actual hardness readings
without the ANNs and predicted
hardness readings with the ANNs.

Statistical Analysis of Results
A process capability analysis was
performed on the traditional induction
hardening system without the ANNs
and the induction hardening system
with the ANNs. The results for validation 1 and validation 2 are shown in
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Table 6. The capability indices of
process center (Cpk) for validation 1
and validation 2 show a marked
improvement on the system using the
ANNs. The Cpk index increased by
125% and 82% for validation 1 and
validation 2, respectively.
Figures 9 to 12 show the process
capability improvement using the ANN
process control system for validations 1
and 2. Using an ANN, the process
moves closer to target and tighter
control of the process is achieved.
Statistical data on the hardness
readings was calculated for both
validation runs with the ANN process
control system and without, as shown
in Table 7. A t-test was also performed
using the means and sample standard
deviations from the validation runs
(Table 8). This hypothesis test on two
means, variances unknown was utilized
to compare the data sets in Table 8.
Justification of the t-test lies in the fact
that moderate departure from normality
will have little effect on test validity
(Montgomery and Runger, 1994). In
both validation 1 and validation 2 the
null hypothesis was rejected. This
implies that there are significant
differences in mean hardness values
between the induction hardening
system with and without the ANN
process control system.
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Table 2. Validation 1 - hardness modifications using ANN process control system.

Conclusions
The research objective was
accomplished with the use of two
backpropagation, supervised learning
artificial neural networks. A prediction
neural network and a feedback neural
network were the tools used in a
closed-looped system for automated
control of an induction hardening
process. By using the methodology
developed in this research, a significant
improvement in the process was
achieved. The capability index of
process center (Cpk) was more than
doubled in validation 1 and improved
by more than 80% for validation 2.
There are two major benefits of the
methodology presented in this research. Using an ANN for process
control has been shown to have the
potential for improving product quality
and tightening control of the process.
Neural networks are excellent tools for

Table 3. Validation 1 - comparison of hardness without ANNs and with ANNs
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modeling complex manufacturing
processes that are not well understood
in terms of the relationships between
variables, as in the case of the induction hardening process in this paper.
Thus, the methodology in this research
could be used to investigate the
prediction and control of other manufacturing processes.
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Table 3 (continued). Validation 1 - comparison of hardness without ANNs and with ANNs
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Table 4. Validation 2 - hardness modifications using ANN process control system

Table 5. Validation 2 - comparison of hardness without ANNs and with ANNs

Figure 8. Validation 2 - hardness values without ANNs versus hardness values with ANNs.
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Table 6. Process capability analysis for validation 1

Figure 9. Validation 1 - process capability analysis without an ANN.

Figure 10. Validation 1 - process capability analysis with an ANN.
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Figure 11. Validation 2 - process capability analysis without an ANN.

Figure 12. Validation 2 - process capability analysis with an ANN.

Table 7. Statistical data for validation 1 and validation 2

Table 8. Tests on means, variance unknown for validation 1 and validation 2
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