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ARTIFICIAL NEURAL NETWORKS AND THE EFFECTS OF LOADING
CONDITIONS ON FATIGUE LIFE OF CARBON AND LOW-ALLOY STEELS
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ABSTRACT
The ASME Boiler and Pressure Vessel Code contains rules for

the construction of nuclear power plant components. Figure 1-90 of
Appendix I to Section III of the Code specifies fatigue design curves
for structural materials. However, the effects of light water reactor
(LWR) coolant environments are not explicitly addressed by the Code
design curves. Recent test data indicate significant decreases in the
fatigue lives of carbon and low-alloy steels in LWR environments
when five conditions are satisfied simultaneously. When applied
strain range, temperature, dissolved oxygen in the water, and sulfur
content of the steel are above a minimum threshold level, and the
loading strain rate is below a threshold value, environmentally assisted
fatigue occurs. For this study, a data base of 1036 fatigue tests was
used to train an artificial neural network (ANN). Once the optimal
ANN was designed, ANN were trained and used to predict fatigue life
for specified sets of loading and environmental conditions. By finding
patterns and trends in the data, the ANN can find the fatigue lifetime
for any set of conditions. Artificial neural networks show great
potential for predicting environmentally assisted corrosion. Their
main benefits are that the fit of the data is based purely on data and not
on preconceptions and that the network can interpolate effects by
learning trends and patterns when data are not available.

INTRODUCTION
Plain carbon steel (CS) and low-alloy steel (LAS) are used

extensively in light water reactor (LWR) steam supply systems as
piping and pressure-vessel materials. The ASME Boiler and Pressure
Vessel Code Section III, which contains rules for the construction of
Class 1 components for nuclear power plants, recognizes fatigue as a
possible mode of failure in pressure vessel steels and piping materials.
Figure 1-90 of Appendix I to Section III of the Code specifies fatigue
design curves that define the allowable number of cycles as a function
of applied stress amplitude. However, the effect of LWR coolant

environments on fatigue resistance of the material is not explicitly
addressed in the Code design fatigue curves.

Recent fatigue-strain-vs.-life (S-N) data [1-7] illustrate
potentially significant effects of LWR coolant environments on the
fatigue resistance of CSs and LASs. Based on existing fatigue S-N
data, interim fatigue design curves that address environmental effects
on the fatigue life of CSs, LASs, and austenitic stainless steels have
been proposed [8]. Statistical models have also been developed for
estimating the effects of various material and loading conditions on
fatigue lives of materials used in the construction of nuclear power
plant components [9,10].

For CSs and LASs, environmental effects on fatigue life are
significant when five conditions are satisfied simultaneously. The
conditions are satisfied when the applied strain range, service
temperature, dissolved oxygen (DO) in the water, and sulfur content of
the steel are above a minimum threshold level, and the loading strain
rate is below a threshold value. The actual dependence of fatigue life
on these variables involves complex synergistic interactions. The
functional forms for the dependence of fatigue life on these variables
often cannot be established from existing fatigue data. To establish
these functional forms, complete data sets, where one parameter is
varied while others are kept constant, would be required. Although the
existing fatigue S-N data base covers an adequate range of material,
loading, and environmental parameters, it provides incomplete data
sets for most parameters. For example, fatigue tests at temperatures
between room temperature and 300°C may not correspond to the same
heat of material or strain rate.

Artificial neural networks (ANNs) have great potential for
prediction of environmentally assisted fatigue cracking. Their main
benefits are that estimates of life are based purely on data and not on
preconceptions, and that the network can interpolate effects by



learning trends and patterns when data are not available The factors
that affect fatigue life can exert synergistic effects on one another. An
ANN that can detect and utilize these effects in its predictions was
used to find patterns and identify thresholds in fatigue S-N data for
CSs and LASs in LWR environments. The results are compared with
estimates of life based on a statistical model [9,10]. The benefits and
disadvantages of using an ANN to predict fatigue lives of materials are
discussed.

ARTIFICIAL NEURAL NETWORKS
An ANN is an information-processing system whose structure

is modeled on the biological neural structure. Borrowing from
biology, we will call each unit or node of the network a neuron. Each
neuron in an ANN receives input from several others. These inputs
are multiplied by different weights and combined. This combination
and an activation function determine the output, which is passed on to
the next layer of neurons.

The type of ANN* that was used for this study is known as a
backpropagation network. Backpropagation describes the learning
algorithm not the network structure. The structure can vary as long as
it is hierarchical, and highly connected. "Hierarchical" means that the
ANN is created with at least two, but usually three or more, layers of
neurons that consist of an input layer, an output layer, and one or two
hidden layers. If the ANN contains three or more hidden layers, it is
much more difficult and time-consuming to train [11]. "Highly
connected" means that each neuron receives input from most of the
neurons in the preceding layer and each output is used by most
neurons in the following layer. Backpropagation ANNs, including the
one used in this study, are usually fully connected [12].

The ANN, as implemented by the Neuralyst software, can be
explained in terms of Fig. 1. For this study, there were six inputs and
one output. There were two hidden layers with the first containing ten
nodes and the second containing six. The output values of the neurons
in the input layer are simply the input data. The output value of each
neuron in the subsequent layers is determined as follows [12]:

(a) For each pathway in Fig. 1, an input value Oj is multiplied by a
weight wjj.

(b) The products of inputs and weights are added to give a sum Uj.

(c) The sum Uj is added to a threshold value tj.

(d) An activation function F(Uj + tj) is applied, resulting in the
output to the next layer Oj.

This process continues at each node and layer until the output for the
entire ANN is determined. Thus, the output to the next layer is
expressed as

(1)

Ouput
Neuron

Input
Layer

Hidden
Layer

Hidden
Layer

Figure I. Schematic representation of fully connected neural
network with four input neurons, two hidden layers, and
one output neuron

where the function F has a sigmoidal form. The sigmoid function
gives a number between 0 and 1 and quickly saturates when its input is
a large positive or negative number.

The backpropagation process trains the network after each
output from the final layer. The learning process is called
backpropagation because it begins with the output layer and works
backwards to the first hidden layer. For each input to the neuron, a
new weight WJJ is expressed by

WJJ - w'jj +.LR ej Oj, (2)

where w'jj is the old weight, LR is the learning rate, ej is the error of
the output, and Oj is the input value that corresponds to the weight
being adjusted. The learning rate is an important factor because it
controls the amount by which the weight is adjusted. If the learning
rate is too high (nearly unity) the ANN might overshoot the result and
be difficult to train. If the learning rate is too low (less than 0.1) the
ANN may train too slowly. For the present study, the learning rate
was 0.85 for early training and was reduced to 0.1 as the error in the
data became low.

Another factor that can improve ANN training is momentum
M. To prevent the ANN from arriving at a solution that is a local but
not the true minimum, previous weight adjustments are allowed to
persist to smooth the training. Equation 2 is modified to include the
momentum tenm as follows

WJJ = w'y + (1-M) LR ej Oj + M(w'jj- w"jj). (3)

The software Neuralyst version 1.4 from Chesire Engineering Corporation was used with
Microsoft Excel for Macintosh.

A momentum of 0.3 was chosen. The error for the output neurons is
determined by comparing the output values with a given target value,
and is expressed as



where dj is the target value for each output. Equation 4 can only be
determined for the output layer, because there are no target values for
the hidden layers. The error for hidden layers is determined from the
errors e^ and the old weights w'j^ which correspond to the layer
immediately succeeding the current layer, i.e.,

ej=Oj(l-Oj)2>k Wjk). (5)

This is the most important equation in backpropagation ANNs because
it facilitates learning by the hidden layers.

PARAMETER RANGES IN THE FATIGUE S-N DATA BASE
The data base used to train the ANN contains fatigue data

obtained from smooth cylindrical specimens that were tested under
fully reversed axial strain control loading. It covers an adequate range
of compositional and structural parameters, loading strain rate,
temperature, and water chemistry, and is composed of 490 tests in air
(362 tests for LAS and 128 for CS) and 546 tests in water (239 tests
for LAS and 307 for CS). Carbon steels include nine heats of A333-
Grade 6, A106-Grade B, A516-Grade 70, and A508-Class 1 steels.
The LASs include 14 heats of A533-Grade B and A508-Class 2 and 3
steels. The sulfur (S) content of the steels ranges from 0.006 to 0.033
and 0.001 to 0.027 wt.% for CSs and LASs, respectively. In general,
the S content of LASs is lower than that of CSs. Most prevalent S
content of LASs is 0.003 wt.%, and 0.012 or 0.015 wt.% for CSs. The
distribution of data for various material, loading, and
environmental variables is shown in Figs. 2-6.
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tests conducted in a water environment

Most of the tests in the existing data base were conducted at
strain amplitudes between 0.2 and 1.0%. In this range, the ANN was
able to accurately determine the effect of strain amplitude on fatigue
life. However, the fatigue S-N behavior cannot be estimated beyond
105 cycles, because little or no high-cycle fatigue data are available,
i.e., at strain amplitudes <0.2%.

Existing data cover a strain rate range of 0.004 to >l%/s, room
temperature to 320°C test temperature, and 0.01 to >1 ppm dissolved
oxygen (DO) in water. Although more than half of the tests were
conducted at 0.4%/s the ability of the neural network to recognize
patterns and interpolate data resulted in good predictions in terms of
strain rate. Similarly, the range of DO content is adequate to obtain
good predictions between 0.01 to 1 ppm. The predictions for the
temperature effects in water are meaningful because the data covered
the temperature range of 100-300°C. More than half the tests in water
were conducted at 288°C, and =50 tests each were conducted at 100,
150, 200, and 250°C. In air, however, the effect of temperature on
fatigue life cannot be accurately established because most of the tests
were conducted either at room temperature or at 288°C.

Separate histograms are shown for the S content of CSs and
LASs. In general, the S content of LASs is lower than that of CSs.
Nearly three-fourths of the tests in air were conducted on LASs,
whereas more tests in water were performed on CSs. The most
prevalent S content for LASs in this data base is 0.003 wt.%, with
some data for steels that contain 0.010 and 0.012 wt.% S. Although
the data for CSs range from 0.012 to 0.033 wt.% S for tests in air and
from 0.006 to 0.033 wt.% S for the tests in water, most of the data are
for steels that contain 0.012 or 0.015 wt.% S.

NEURAL NETWORK ESTIMATES
A data base of 1036 fatigue tests was used to train the ANN.

Once the optimal ANN was designed, the ANNs were trained and used
to predict fatigue life for various sets of loading and environmental
conditions. The ANN was trained 12 times; six with tests in water and
six with tests in air. Each of the six trainings was based on the same
data set, but the order in which the data were presented to the ANN for
training was varied and the initial ANN weights were randomized to

guard against overtraining and to ensure that the network did not arrive
at a solution that was a local minimum. Initially, the error in each
weight is high because the weights are chosen randomly. The data set
that is presented at the start of the training changes the weights more
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Figure 7. experimentally observed values of fatigue life vs. those
predicted by ANN in air and water environments

than subsequent data because of this high error. The ANN was
considered properly trained when differing initial data gave the same
final result.

The results provide insights into the trends and thresholds that
characterize the fatigue life of CSs and LASs as a function of steel
type, temperature, S content, DO level in water, and tensile strain rate.
Experimentally observed values of fatigue life in air and water and
values predicted by the ANN are plotted in Fig. 7. The predicted
fatigue lives show good agreement with the experimental data. The R-
squared values for the ANN were 0.91 and 0.82, respectively, for air
and water environments. These values represent an average of all six
trained ANNs.

The ANN is a powerful tool but there are limitations on its use.
One problem, which was encountered as the ANNs were developed for
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Figure 8. Example of overtrained data set shown in solid line. All
other curves represent properly trained data sets

this application, was overtraining. Overtraining occurs when the
capacity of the ANN for training is too great because it is too large or
is allowed too many training cycles. The ANN will try to
accommodate outlying data and lose the simple patterns that are the
most useful for understanding fatigue life behavior. The optimal
number of cycles for training the ANN was =3000 for the data
presented in this study. An example of an overtrained data set is
presented in Fig. 8. The data set shown in the solid line was trained
for five times as many training cycles as the optimal number, and the
network was larger than the size used in this study, i.e., 12 and 10
neurons were used in the two hidden layers instead of 10 and 6
neurons. The other five data sets, shown in dashed lines, were
properly trained.

Another limitation of ANNs is that they are not effective for
extrapolation. The problem with extrapolation is especially significant
for high-cycle fatigue, because existing data do not contain many tests
with fatigue lives greater than 105 cycles. Because a functional form
is not defined in an ANN and the weights are initially randomized,
extrapolations beyond the range of the data base used to train the ANN
cannot be made. If the patterns near an extreme end of a data set
indicate a certain trend that is slightly imperfect, extrapolation can
magnify the error. Interpolation is much more meaningful for ANNs.
By finding patterns and trends throughout the data, information
learned about one heat of steel can be applied to other heats with
sparse data.

AIR ENVIRONMENT
The fatigue lives of CSs and LASs in air can be estimated from

statistical models [9,10]. The fatigue life Najr of CSs is expressed as

ln(Nair) = 6.570 - 0.00133 T - 1.871 ln($, - 0.11) (6a)

and that of LASs, as

ln(Nair) = 6.667 - 0.00133 T - 1.687 In(% - 0.15), (6b)

where z^ is the strain amplitude (%) and T is temperature (°C).
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The effects of S content, strain rate, and temperature on the
fatigue lives of CSs and LASs in air and those predicted from the
statistical model are shown in Figs. 9-11. Some plots in the figures
have no actual data because they were completely interpolated.
Artificial neural networks are especially suited for the analysis of data
bases that lack complete data sets.

The ANN data indicate that, for both CSs and LASs, fatigue
life decreases with increasing temperature, a finding that is in
agreement with the statistical model. For CSs, one data set is humped,
i.e., from room temperature, the fatigue life first increases up to
=150°C and then decreases at higher temperatures. It is likely that this
data set is overtrained in terms of temperature. It is difficult for the
ANN to learn the effect of temperature because most of the available
data are at 25 or 288°C, with little in between. This is an example of
why each data set was trained in six different orders with six different
sets of initial weight values. Furthermore, the increased dispersion of
data at high temperatures, i.e., >300°C, is a good example of why an
ANN cannot be used to extrapolate beyond the range of the data used
to train it.

Figure 10 shows good agreement with the statistical model.
However, the fatigue life is decreasing somewhat with increasing
strain rate. As discussed later, this is the opposite of the trend
observed in water. Although the trend is obviously significant for the

CSs at high temperatures in this data base, it is caused by strain aging
effects that may not be as pronounced in all heats of CSs.

The data for the effect of S content on fatigue life are some of
the more scattered results produced by the ANN. The variation of
fatigue life with S content is difficult to characterize because S content
depends on steel type. Most of the fatigue data were obtained on steels
with >0.010 wt.% S for CSs and <0.005 wt.% S for LASs. Also, the
grain size and dispersion may affect fatigue life. Therefore, the slight
decrease in fatigue life with increasing S content cannot be considered
significant.

LWR ENVIRONMENTS
The fatigue lives of CSs and LASs in LWR environments can

also be estimated from statistical models [9,10]. One model has
recently been updated because it was determined that in the
range of 0.05-0.5 ppm, the effect of DO was more logarithmic
than linear [13]. The fatigue life of CSs is expressed as

ln(Nwater) = 6.186- 1.871 I n ^ - 0 . 1 1 ) + 0.1097 S*T*O* e* (7a)

and that of LASs, as

ln(Nwater) = 5.901-1.687 ln(8a-0.15)+ 0.1097 S*T*O* e*, (7b)
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where S*. T*, O*, and e* = transformed S content, temperature, DO,
and strain rate, respectively, which are defined as follows:

S* =S
S* = 0.015

T* = 0
T* = T-150

(0 < S < 0.015 wt.%)
(S >0.015 wt.%)

(T<150°Q
(T=150-350°C)

O* = 0 (DO <0.05 ppm)
O* = ln(DO/0.04) (0.05 ppm <DO <0.5 ppm)
O* = ln(12.5) (DO >0.5 ppm)

e*=0
e* = ln(e)
e* = ln(0.001)

(0.001 < e < l %/s)
(e<0.001%/s).

(8a)

(8b)

(8c)

(8d)

The effects of temperature, strain rate, DO, and S content on
the fatigue lives of CSs and LASs, and those predicted by the
statistical model are shown in Figs. 12-15.

The results indicate that at high strain rate (0.4 %/s), fatigue
life is relatively insensitive to change in temperature. At low strain
rate (0.004 %/s), fatigue life decreases with increase in temperature
beyond a threshold value of 150°C. These results are in complete
agreement with the statistical model in magnitude as well. The
precision of the data indicates that this trend is present in the data used
to train the ANN.

The effect of DO on fatigue life determined by the ANN is
similar to that predicted by the statistical model. Both indicate that
fatigue life decreases with increasing DO content. Prediction from the
ANN are more linear than those from the statistical model because the
statistical model has a discontinuous slope at its threshold values and
because the ANN was trained for a low number of cycles to prevent
overtraining. For high strain rates, neither the ANN data nor the
statistical model indicates a significant effect of DO on fatigue life.

The ANN data for the effect of strain rate on fatigue life,
indicate that fatigue life decreases with decreasing strain rate. The
results agree well with the assumptions used to develop the statistical
model. The slopes are the same for the ANN data and the statistical
model, indicating that they agree on the magnitude of the effect of
strain rate on fatigue life. The difference between the outputs of the
ANN and the statistical model at 1 ppm DO occurs because the model
predicts a larger effect of DO than the ANN.

As was discussed in the previous Section, very few data are
available for steels with S content greater than 0.015 wt.%. Therefore,
extrapolation beyond the existing data range, i.e., S content higher than
0.015 wt.%, is not valid and not shown in Fig. 15. Also we cannot
determine from the current data base whether or not the threshold for
S content is at 0.015 wt.%. For S content less than 0.015 wt.%,
predictions by ANN are consistent with estimates based on the
statistical model.

t
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CONCLUSIONS
A database of 1036 fatigue tests was used to train an artificial

neural network (ANN). Once the optimal ANN was designed, ANNs
were trained and used to predict fatigue life for specified sets of
loading and environmental conditions. The results provide insights
into the trends and thresholds that characterize the fatigue lives of
carbon and low-alloy steels as a function of environment, steel type,
temperature, sulfur content, dissolved oxygen level in water, and
tensile strain rate.

The ANN was found to be accurate and precise. It agreed well
with the statistical model developed by Keisler, Chopra, and Shack
[9,10]. The R-squared values for the ANN were 0.91 for the
experiments conducted in air and 0.82 for those conducted in water.
For the statistical model, the R-squared values were 0.86 for air data
and 0.72 for water data. The standard error of estimates by ANN is
somewhat lower than that for the statistical model because the air and
water environment data were trained separately by the ANN, whereas,
in the statistical model, a single fit was used for both air and water.

The benefit of the ANN is lost when a model is needed to
extrapolate beyond available experimental data. Because a functional
form is not defined in an ANN and the weights are initially
randomized, extrapolations beyond the range of the data base used to
train the ANN cannot be made. Because the body of experimental
fatigue data does not contain many tests in which very many stress

cycles were reached, the S-N behavior in the regime of high-cycle
fatigue cannot be estimated with an ANN.

Artificial neural networks show great potential for predicting
environmentally assisted corrosion. Their main benefits are that the fit
of the data is based purely on the data and not on preconceptions, and
that the ANN can interpolate effects by learning trends and patterns
when complete data sets are not available. The factors that affect
fatigue life can exert synergistic effects on one another. An ANN can
detect and utilize these effects in its predictions. Through excellent
interpolation, the ANN can make predictions throughout the range of
known data by learning how the variables affect fatigue life.
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