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Abstract 
 

Many publications have shown that crack growth rates (CGR) due to intergranular stress corrosion cracking 
(IGSCC) of metals is dependent on many parameters related to the manufacturing process of the steel and the 
environment to which the steel is exposed.  Those parameters include, but are not restricted to, the concentration of 
chloride, fluoride, nitrates, and sulfates, pH, fluid velocity, electrochemical potential (ECP), electrolyte conductivity, 
stress and sensitization applied to the steel during its production and use.  It is not well established how combinations of 
each of these parameters impact the CGR.  Many different models and beliefs have been published, resulting in 
predictions that sometimes disagree with experimental observations.  To some extent, the models are the closest to the 
nature of IGSCC, however, there is not a model that fully describes the entire range of observations, due to the difficulty 
of the problem.  Among the models, the Fracture Environment Model, developed by Macdonald et al., is the most 
physico-chemical model, accounting for experimental observations in a wide range of environments or ECPs. 

In this work, we collected experimental data on BWR environments and designed a data mining pattern 
recognition model to learn from that data.  The model was used to generate CGR estimations as a function of ECP on a 
BWR environment.  The results of the predictive model were compared to the Fracture Environment Model 
predictions.  The results from those two models are very close to the experimental observations of the area 
corresponding to creep and IGSCC controlled by diffusion.  At more negative ECPs than the potential corresponding to 
creep, the pattern recognition predicts an increase of CGR with decreasing ECP, while the Fracture Environment Model 
predicts the opposite.  The results of this comparison confirm that the pattern recognition model covers 3 phenomena: 
hydrogen embrittlement at very negative ECP, creep at intermediate ECP, and IGSCC at more positive ECP.  The 
Fracture Environment Model only covers the two later phenomena. 

The pattern recognition model does not bring any physical chemical understanding of the problem.  However, it 
is useful for smart extrapolation and, to a certain extent, can be used to delineate the range of operation of the physical 
chemical model or to account for different phenomena needed to fully describe the IGSCC problem.  
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There are two approaches for making predictions.  One is based on the theoretical models (deterministic model); 
the other is based on experimental data (non-deterministic model).  In this work, both approaches will be discussed.  In 
the deterministic approach, we developed an electrochemical model that coupled the internal and external environments 
of the crack.  Data was collected from the open literature and was used to learn the trends of crack growth rates with 
different parameters.  However, in order to have a full matrix of data, we had to convert parameters such as electrolyte 
concentration into conductivity and pH, while H2, O2, and H2O2 concentrations, temperature, and flow velocity were 
translated into electrochemical potential (ECP).  We homogenized all the units of the different parameters, and de-
convoluted the final crack length and integrated time of the cracking experiment to estimate crack growth rate (CGR) 
using the Couple Environmental Fracture Model (CEFM).  Once the data was homogenized into a complete table, we 
had six main parameters to describe the experiments (pH, temperature, electrolyte conductivity, Stress Intensity Factor, 
Electrochemical Polarization Reverse (EPR), and metal sensitization), and one dependant variable (crack growth rate).   

The non-deterministic approach used an Artificial Neural Network, which does not pre-suppose any model or 
assumption, but learns from the data.  The ANN’s job was to map the six parameters described above into the dependant 
variable and explore how the CGR was affected by each of those parameters. 

 
Objective 

 
Intergranular stress corrosion cracking (IGSCC) of recirculation piping in a boiling water reactor (BWR) has 

been a major operating problem in the world [1].  Three conditions have to exist simultaneously to cause IGSCC: The 
steel has to be in a sensitized condition,subjected to tensile stress, and the environment must have the impurity for this 
type of corrosion [2]. 

The main goals of this paper are to explore Artificial Neural Networks (ANN) as a predictive tool for IGSCC 
crack growth rates and analyze the predictions.  This paper is a summary of the work developed by my graduate student, 
C.P. Lu, in his 1996 thesis [3, 4]. 

Introduction 
 

The stainless steel has to be in a sensitized condition before IGSCC occurs.  Sensitization usually occurs after the 
recirculating pipes are welded.  Upon welding, the temperature in the matrix adjacent to the weld exists for some time in 
the range of 425°C to 815°C [5], resulting in the precipitation of chromium carbides (Cr23C7) at the grain boundary.  The 
chromium carbide precipitates are very high in chromium, while the adjacent alloy is depleted of its chromium.  This 
chromium-depleted alloy adjacent to the grain boundaries is much less corrosion-resistant than the interior of the grains, 
and intergranular attack (including IGSCC) can result.  Stainless steel matrices having chromium-depleted grain 
boundaries are said to be "sensitized" to IGSCC. 

In addition, tensile stress or strain must be applied to produce mechanical rupture of the passive film as a 
precondition for this form of localized attack to occur when the bulk environment is neutral or slightly acidic.  The 
necessity for applied stress is indicated by the fact that no intergranular attack occurs on unstressed samples.  Tensile 
stress will build-up local stresses at the crack tip which cause slip along bands emanating from the tip and therefore 
results in a sudden rupture of the passive film.  The exposed metal passivates as the passive film reforms, but 
repassivation is not an instantaneous process.  Accordingly, a period exists over which a decreasing fraction of the 
surface is bare and able to support high dissolution currents.  Metal dissolution results in crack advance, but eventually 
the surface becomes passive again and the crack stops growing.  At this point, local stresses begin to build ahead of the 
crack tip once again, and at some critical level, slip occurs and the passive film ruptures.  Therefore, crack advance is 
cyclical due to the applied external stress. 

 
Effect of pH 

 
Several investigators have studied the effect of pH on IGSCC in sensitized stainless steel.  However, many of the 

studies cannot be accepted as a demonstration of pH effects alone since other parameters (e.g. conductivity) have varied 
simultaneously [6].  A few tests, however, have been run to show that the effect is certainly attributable to pH.  They 
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show that cracking susceptibility increases with decreasing pH, and that the major pH effect is on crack initiation [7].  In a 
word, low pH values enhance IGSCC of sensitized stainless steel. 

Andresen ran tests in a simulated BWR environment using sensitized stainless steel [8]. Na2SO4, NaHSO4, and 
H2SO4 were added to the aqueous solutions.  The solution conductivity in these tests was kept constant.  The experiment 
showed that the susceptibility of sensitized 304 stainless steel to IGSCC increases with decreasing pH values, and that 
the major pH effect is on crack initiation.  Ohnaka et al. [6] ran constant load tests in Na2SO4 (pH = 6) and in H2SO4 (pH 
= 3) at 150°C for sensitized 304 stainless steel.  The time to fail at pH = 6 is more than ten times the failure time at pH = 3.  
Other tests run in weak alkaline water indicated that the crack propagation rate increases with decreasing pH beyond 
neutral pH [9]. 

 
Effect of Fluid Velocity 

 
Fluid flow influences the rate of mass transport of oxygen to the steel surface, and could be expected to affect the 

rate of IGSCC.  By de-convoluting the initiation and propagation times for Constant Extension Rate Test (CERT) 
specimens, Choi et al. [10] showed that the initiation time of IGSCC for sensitized stainless steel in 250°C water at the 
open circuit potential and at a flow velocity of 8 m/s is almost double that under static conditions.  On the other hand, the 
crack growth rate was found to increase with increasing flow rate, particularly at low flow velocities. 

A later study by Shim et al. [11] explored the effects of flow velocity and pH on IGSCC of sensitized 304 SS.  
They found that, in pure water and in acidic solutions, the crack growth rate was increased with increasing flow velocity.  
However, in alkaline solutions, the crack growth rate was not affected by flow velocity.  All of these studies involved 
flow past the external surface of CERT specimens and did not attempt to direct flow to the crack tip as might occur 
under fatigue conditions due to the pumping action of the crack flanks.  Accordingly, these findings may not hold for 
fatigue loading.  It can be argued that at higher frequencies the pumping action of the crack flanks is sufficiently severe so 
as to inhibit intergranular fracture by washing out the crack enclave and, hence, by preventing the buildup of acidic 
conditions at the crack tip. 

Finally, Macdonald and Fuller [12] found that flow velocity has no detectable effect on the critical potential for 
IGSCC in sensitized 304 SS in 0.01 M Na2SO4 (slightly alkaline media) at 280°C. 

 
Effect of Electrochemical Corrosion Potential (ECP) 

 
The most important environmental parameter in IGSCC is the electrochemical corrosion potential (ECP) [13].  

Sensitized Type 304 SS will suffer IGSCC only at potentials (ECPs) above some critical value EIGSCC [14].  
Additionally, the crack growth rate in sensitized type 304 SS at ECP>EIGSCC increases strongly with increasing corrosion 
potential, probably due to an enhanced ability of the external surfaces to consume charge emanating from the crack 
through the reduction of oxygen and hydrogen peroxide. 

Macdonald [13] developed a mixed potential model (MPM) for non-equilibrium, high temperature aqueous 
solutions that exist in BWRs and successfully calculates ECP data for BWR in-vessel components and recirculation 
pipes.  The ECP is a strong function of the temperature, flow velocity, metal composition, and radiolytic species of 
higher O2, H2O2, and H2 concentration. 

 
Effect of Conductivity 

 
The conductivity of the aqueous solutions plays a key role in determining the rate of IGSCC in sensitized 

stainless steel in high temperature aqueous solutions [15, 16].  Previous work by Macdonald and Urquidi-Macdonald[1, 
2] on the Coupled Environmental Fracture Model (CEFM) explained the observed increase in the CGR with increasing 
conductivity in terms of an enhancement in the throwing power of the external environment.  Thus, an increase in the 
conductivity of the external solution will increase the crack growth rate because the higher conductivity allows the 
positive current created by the metal dissolution reaction inside the crack to be consumed by oxygen reduction over a 
greater distance from the crack mouth.  Accordingly, the external surface is capable of accommodating a larger 
dissolution current, thereby resulting in a larger crack growth rate.  However, those same calculations predict that this 
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effect will saturate as the conductivity increases further and control of the CGR will revert to the crack internal 
environment at sufficiently high conductivities. 

 
Effect of Sensitization (EPR) 

 
Sensitization of stainless steels towards IGSCC is a common problem during welding, particularly in those 

systems that cannot subsequently be solution annealed to redissolve the precipitated chromium carbides.  The cause of 
cracking is the depletion of chromium at the grain boundaries on precipitation of the chromium carbides (Cr23C7) leaving 
a matrix of high chromium grains glued together with a lower chromium phase.  As a result, the grain boundary is less 
corrosion-resistant than the grains, and preferential stress-assisted corrosion at the grain boundary may be sufficiently 
severe to cause rapid crack propagation. 

The width of the chromium-depleted zone increases and the chromium content decreases with increasing 
sensitization time [55].  Furthermore, as the sensitization time is increased, the critical potential for IGSCC becomes 
more negative, i.e., the steel becomes increasingly susceptible to IGSCC.  However, for prolonged sensitization times, 
the back diffusion of chromium may actually decrease the susceptibility of stainless steel to IGSCC. 

Vermilyea et al. [17-20] have observed that thicker oxide films are formed on the emergent boundaries than on 
grains when sensitized type 304 stainless steel is exposed to dilute sulfuric acid and neutral solutions at 290°C.  As such, 
in the absence of straining, the susceptible emergent boundaries are preferentially protected.  However, upon straining, 
these thicker films rupture to mark a nucleation event.  After rupture, the film on the matrix rapidly reforms as a result of 
high repassivation rate, while the higher dissolution rate and lower repassivation rate at the grain boundaries tend to 
confine the attack to these areas. 

The studies by Macdonald et al. [21] pointed out that at moderate strain rate, measured at constant extension rate 
tensile test (CERT), cracks propagated transgranularly until they reached a sensitized grain boundary at which point 
crack growth takes place intergranularly.  However, this is not always the case for tests which were performed at much 
lower strain rates.  There is not a clear consensus in the scientific community of the effect of sensitization on IGSCC. 

 
Effect of Stress Intensity 

 
The effect of stress intensity on the susceptibility to IGSCC for sensitized 304 stainless steel was studied 

extensively some years ago.  These studies showed that a stress intensity of mode I (KI) has a strong influence on the 
crack propagation rate [23].  The crack growth rate is strongly dependent on KI, in the range of 20-25 MPa m , but a 
plateau is observed for higher KI values.  This same data suggests that the threshold stress intensity for environment-
assisted crack growth (KISCC) and, possibly, the crack velocity in the plateau region depends on the applied potential, at 
least in sulfate environments.  However, the data is highly scattered, particularly with regard to the plateau of crack 
velocity. 

Significant microbranching occurs during the propagation of IGSCC for KI values greater than 35 MPa m .  
Accordingly, the calculated stress intensity values are not reliable in the plateau region, but the trends are significant 
because in this region the crack growth rate is least dependent on KI. 

 
Data Collection 

 
Data, including experiments done in the laboratory under simulated BWRs environments and experiments 

performed on nuclear reactors themselves, was collected from the open literature.  This represented a mammoth effort, 
since there is not a consensus on which parameters impact crack growth rates.  After reviewing the literature and the 
models we developed based in first principles, we concluded that the variables that affect the crack growth rate are: 
temperature, pH, electrolyte conductivity, metal alloy, environment and environmental conductivity, and stress intensity 
applied to the pipe sections. 

Our original data resource from Ford's work [24] regarding solution conductivity and stress intensity is in dispute.  
It seems the impact of solution conductivity on crack growth rates was over-estimated in Ford's research.  Kassner 
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observes [24] that the influence of solution conductivity is not as severe as Ford described.  However, in Kassner's work, 
more emphasis is placed on the phenomena of corrosion fatigue and little data is available on constant load tests.  Hence, 
this leads to the difficulty in building an efficient data base to reflect the proper impact of solution conductivity on crack 
velocity.  The data was complemented regarding stress intensity with Macdonald's laboratory observations. 

The first algorithm used in this paper was dedicated to calculating the room temperature pH, since it was used 
instead of electrolyte composition our analysis.  The second challenge was determining the electrochemical potential of 
the metal/electrolyte as a function of the following variables: temperature, flow velocity, hydraulic diameter, and 
concentrations of hydrogen, oxygen, and hydrogen peroxide on the electrolyte from injection, make up water, and water 
radiolysis.  The data available sometimes reported Electrochemical Polarization Reverse (EPR) or metals sensitization.  
If the metal sensitization was not reported and the experiment was performed in an autoclave, we assumed the EPR was 
15 corresponding to an un-sensitized material.  When the stress intensity was not reported, it was set at 27.5 MPa*m1/2.  
Since, the crack growth rate was always reported for 304 SS, all crack growth rates were changed to the same units. 

 
Non-Deterministic Approach: ANN 

 
To date, several models have been developed using a mechanical or electrochemical 

point of view to predict the crack growth rates of sensitized type 304 stainless steel.  However, 
all these approaches do not have the capability to predict every aspect of IGSCC because of the 
complexity of the problem.  For systems that are too complicated to be modeled 
mathematically, Artificial Neural Networks (ANN) offer an alternative way for making 
accurate predictions through learning from quality data.  One particular benefit is that it can 
reasonably predict results that are beyond the range of the experimental data, provided a good 
understanding of problems and the limitation of the ANN is possessed. 

A system with multiple inputs and outputs can be modeled using ANNs by applying the system inputs to the 
network and using the system outputs as the desired outputs.  After an appropriate number of iterative learning cycles, 
the ANN then constitutes a non-algorithmic model of the process involved. 

A neural network is a data processing system which consists of a number of simple, highly interconnected 
processing elements in an architecture inspired by the structure of the cerebral cortex portion of the brain.  Hence neural 
networks are often capable of doing things which humans or animals do well but conventional computers do poorly.  
Therefore, it can model complex systems that cannot be modeled mathematically.  

The neural network mechanism is based on the model of the human brain.  The configuration emulates cognitive 
processes of the brain in response to external stimuli.  The fundamental cellular unit of the nervous system and, in 
particular, the brain is the neuron [26].  A neuron is a processing element which receives signals through structures 
known as dendrites.  These dendrites receive information from other neurons through regulating units called synapses.  
After processing, the outputs are transmitted through structures known as axons to other neurons.  The human brain 
consists of a complex network of neurons processing and distributing information in this manner. 

The regulating activity of the synapses in this process is particularly interesting, since it represents an important 
part of the learning-recognition process.  The transmission of chemicals, or neurotransmitters, through synapses is the 
primary means by which neurons communicate [26].  Synapses are known to be excitory or inhibitory in nature.  If a 
synapse is excitory, simulation of the pre-synaptic neuron causes an increase in the probability of firing in the post-
synaptic neuron.  On the other hand, if a synapse is inhibitory, it causes a decrease in the probability of firing in the post-
synaptic neuron.  The level of information communicated to other neurons is then controlled by the synapse.  Synaptic 
efficiency is modified through the actions of certain enzymes and is believed to be the basis for learning.  In other words, 
as information is processed or knowledge is increased, the regulating activity of the synapses is progressively refined. 

To understand the cognitive process, it is convenient to analogize memory to a data base; i.e. information is stored 
at particular locations in the brain.  When stimuli are received through the senses, the neural network is triggered into 
action.  Through the excitory and inhibitory actions of synapses, signals are transmitted toward the particular locations 
that stored the same or similar information.  The strength of the signal at its destination represents how strongly the 
external stimuli resemble the stored data. 
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The unit analogues to the neuron are the processing elements (PE).  Typically, a PE has a number of input paths 
which represent dendrites.  Input information is weighted using random or specified weights.  The weighted inputs are 
then combined to form a single input which is then modified by a transfer function and output to other PEs [27].  

Two distinct phases of operation exist: learning and recall.  Learning is the process of adapting or modifying the 
connection weights in response to stimuli being presented to the input layer.  The activity of successively presenting pairs 
of input and output data to the network is known as training.  This may involve showing a network many examples 
hundreds of thousands of times.  Recall refers to the network activity in processing a given input and creating an output 
response.  This typically follows learning activity and is based on the effectiveness of the training-learning process. 

Successive pairs of input-output data being presented to the network results in continuous refinement of 
connection weights in the PEs involved.  This is especially true for feedback networks, where information feeds back 
and forth through the network until some convergence criterion concerning input and output is reached.  Obviously, the 
sophistication of weighting depends on the number of presentations performed.  However, other factors exert 
considerable influence. 

Competition criteria may be adopted.  PEs are competing against each other on the basis of a threshold level of 
activity.  Only the winning PE or a few PEs may be allowed non-zero output, with the others intentionally suppressed.  
Different forms of summation and transfer functions may be adopted as judged appropriate for the particular form of 
activity studied.  At last, the number of PEs and layers in the network may be varied iteratively or in line with some 
explanatory theory. 

Type of learning- The network learns by means of a training rule which modifies the connection weights in 
response to inputs and the desired outputs.  This method of learning is known as supervised learning.  Several types of 
learning rules exist.  One example is the Delta rule which reduces the error between the actual output of a PE and its 
desired output by modifying the incoming connection weights.  Based on the nature of our problem, we opted for a delta 
rule.  The manner in which weights are modified is essential to understanding how the network learns and is described in 
the following section. 

Back-Propagation is a technique that distributes the error in the output layer to other layers.  A back-propagation 
network has at least three layers: an input layer, an output layer, and at least one hidden layer.  During the learning phase, 
both inputs and desired outputs are presented to the network.  Using the input values, information is propagated forward 
through the network all the way to the output layer.  The actual output is then compared with the desired output and the 
error calculated.  Blame for this error is next distributed to all connecting processing elements.  In this manner, errors are 
propagated back to the input layer.  Once the errors are known, the weights are modified to minimize the global error.  
The process is best understood mathematically as shown below [28]. 

 
Results 

 
The data set collected contained 1322 datum point entries.  Each datum point contained 6 inputs or parameters 

(pH, temperature, conductivity, stress intensity, EPR, ECP, and one dependant variable which was expressed as crack 
growth rate with a logarithm base of 10). 

A back propagation containing one input layer of size 6, three hidden layers with 50 neurons each, and an output 
layer of size 2 was designed.  There is not a methodology that dictates how to design a net; therefore, the process is trail 
and error. 

The net was trained with the full available data for over 24 hours in a high speed 32-bit, 1.53 GHz Windows XP 
laptop.  Once the net was trained, the performances of the learning were compared by plotting the CGR measured 
versus the CGR predicted by the NN, as shown in Figure 1. 
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Figure 1.  Measured CGR versus ANN predicted CGR. 
 
Figure 1 shows that the learning is accurate for the data quality used.  An error of +5% was assumed to be 

inherent to the data.  Small deviations to a 45 degree straight line are observed at the lower and higher ends of the CGRs.  
Because the data came from several authors and there was no discussion of the error that the data may contain, we were 
satisfied with the ANN performance. 

Next, we artificially created data for which five out of the 6 parameters that control or impact the CGR remained 
constant.  We then varied one of the parameters between a minimum and maximum range of a typical operational 
nuclear reactor.  We repeated that set, but this time, we changed the ECP to a constant different value.  The idea behind 
this exercise was to estimate the impact of the parameter of interest at different ECP scenarios.  The resulting input file 
was then used as input to the trained ANN which produced a CGR corresponding to those conditions and the 
Log10(CGR). 

Since the EPR test attacks chromium-depleted regions within the stainless steel microstructure, a correlation 
between the chromium content at the grain boundary and EPR value should exist.  Therefore, it would be useful to find a 
way to relate the direct measurements of chromium depletion by Scanning Transmission Macroscopy and Electron 
Diffraction Spectroscopy (STEM-EDS) to indirect measurements using EPR techniques. 

Bruemmer et al.[29] has done systematic studies of chromium depletion development and made comparisons 
between grain boundary depletion measurements and intergranular corrosion tests by STEM-EDS measurement and 
EPR techniques.  Their studies showed that significant grain boundary depleted regions, particularly those below 13 
weight%, produced large EPR values.  On the other hand, very low EPR values were measured when grain boundary 
Cr concentrations rose above 12.5 to 13.5 weight%.  Thus, it is apparent that there is a critical Cr content above which 
sensitization does not occur.  Critical Cr concentrations for intergranular corrosion and IGSCC resistance will depend on 
both environmental and material variables.  The data appears to indicate that for 304 SS the maximum sensitization is 
reached above an EPR of 30 C/cm2. 

The CEFM's predictions (Congleton's approach applied [31]) on the crack growth rate versus stress intensity are 
found to increase by a factor of about 1.34 only on increasing KI from 1 MPa m  to 40 MPa m  with the greatest rate 
of change occurring at low stress intensities.  However, the correlation of Congleton's and Gerberich's approaches cannot 
recognize a critical KISCC, below which environmentally-assisted stress corrosion cracking does not occur, agreeing with 
experimental evidence.  If we extrapolate the ANN prediction shown in Figure 3 at 1 MPa m  ,we estimate a CGR of 
about 210 Angstrom/s, while 40 MPa m  has a value of about 280 Angstrom/s.  This is a rate of about 1.33, which is 
surprisingly close to the increase ratio predicted by the CEFM and Congleton’s approach.  The variation of the CGR 
with pHT is shown in Figure 4.  The curve passed a maximum corresponding to a pH of about 6. 
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Figure 2.  Impact of sensitization on the CGR for a 304SS pipe at T = 288°C; KI = 27.5 MPa√m; Electrolyte 

Conductivity = 0.5 µS/cm; pHT= 5.67.  The impact of stress intensity on CGR is shown in Figure 3. 
S tress Intensity im pact on C G R  at several E C P  (-0.9 to +0.3 V S H E ).  The upper curve 
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Figure 3.  Impact of stress intensity on the CGR for a 304SS pipe at T = 288°C; Sensitization = 30 C/cm2; 

Electrolyte Conductivity = 0.5 µS/cm; pHT= 5.67. 
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Figure 4.  Impact of pHT on the CGR for a 304SS pipe at T = 288°C; Sensitization = 30 C/cm2; Electrolyte 

Conductivity = 0.5 µS/cm; Stress Intensity = 27.5 MPa m  
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At high pH, it is expected that the crack tip will not become acidified as it does at lower pH, and that the 
magnetite film is more compact than at lower pH.  These two facts may explain the results predicted by the effect of pH 
on CGR.  The prediction of the ANN is also in agreement with the observations by Andresen on BWR environments 
using sensitized stainless steel [8] in that IGSCC increases with decreasing pH values and the major pH effect is on crack 
initiation.  It also agrees with the observation made by Ohnaka et al. [6] cited earlier in this paper. 

Macdonald et al. [32] calulated the effect of temperature by using the CEFM and compared his results to 
experimental data measured by Andressen [31].  Macdonald observed that the CGR passes through a maximum with 
increasing temperature at a temperature of about 180°C, as shown in Figure 5.  Macdonald et al. explains that 
“temperature dependence of the CGR is attributed to the competing effects of temperature on the thermally activated 
processes that occur at the crack tip and the properties (including ECP and conductivity) of the external environment.”  
The measurements and calculation do not correspond to those of a nuclear reactor, but rather the conditions are those of a 
room temperature, under oxygenated, low conductivity electrolyte. 

 

 
 
Figure 5.  The effect of temperature on CGR in Type 304 SS in dilute sulphuric acid solution having an ambient 

temperature (25°C) conductivity of 0.27 µS/cm and a dissolved oxygen concentration of 200 ppb. The experimental 
data (curves) are taken from [31, 32]. Note Reference [5] in the fgure heading is Reference [32].  This Figure is from 
Ref [32]. 

 
The ANN prediction also shows a similar type of curve which passes by a maximum of about 160°C for Type 

304 SS in a nuclear reactor environment.  At high temperatures, the oxide formed on steal is more compact and 
protective while at low temperatures (such as during cold shut down), the concentration of radiolytic species is highly 
suppressed, making the environment less favorable for IGSCC.  These two combined phenomena may explain the 
reason why IGSCC goes through a maximum of about 160°C. 
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Figure 6.  Impact of temperature on the CGR for a 304SS pipe at pH=5.75; Sensitization = 30 C/cm2; 

Electrolyte Conductivity = 0.5 µS/cm; Stress Intensity = 27.5 MPa m  
 

Conclusion 
 

We demonstrated that ANNs can be a useful predicting tool for researching the impact of the parameters on 
IGSCC and exploring the relative importance of each variable and the overall effect of water chemistry on IGSCC. 
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