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Introduction (1) 

 

 Due to the complexity of the in-reactor creep of zirconium alloys, 
the mathematical modeling is an outstanding task.   

 The equations and models are needed to enable useful model to 
predict and analyze the behavior of current or future reactor 
components.  

 This is mainly based on the understanding of the basic creep 
mechanisms in anisotropic materials like zirconium alloys, which is 
still not strong enough to be truly predictive.  

 To date, many models are empirical in nature, although some of the 
model constants are derived from specific in-reactor experiments.  

 A good review of example of a long-term program aimed at co-
development of models and important deformation features is given 
by Holt [1].  
 

[1] R.A. Holt, In-reactor deformation of cold-worked Zr-2.5Nb pressure tubes, Journal of Nuclear 
Materials 372 (2008)  



Introduction (2) 

 It is important to note that it is not possible to obtain a “one model 
to fit all” because of differences in material (alloy, texture, 
dislocation density, etc.), temperature, stress and even corrosion 
and hydriding for different reactor types and component designs. 

  When a comparison is made, it can be seen that predicted creep 
rates could differ by an order of magnitude for the different creep 
models. The reason for this lies in their different mathematical 
forms and from the different experiments (or lack of experiments) 
from which the model constants are derived.  

 Results of parameter sensitivity and error propagation studies 
indicate that the most sensitive parameters also differ for the 
various models.  

 However, the key parameters generally include the following: the 
activation energy (Q), temperature (T), the exponent on time (t) or 
fast neutron flux () dependence and stress to a lesser extent.  
 



Introduction (3) 

 A different approach, which has been developed in recent years for 
the material creep prediction, is based on the artificial neural 
networks (NNs) methodology and have been used intensively in 
many domains to accomplish different computational tasks.  

 Material modeling using NNs is fundamentally different than the 
mathematically based material modeling. Basically, the neural 
network constitutive models direct needs the information on the 
material behavior from the experimental data sets in different 
conditions of stress and environment.  

 The most important thing is that the NN model is capable of 
describing complex stress and strain relationships, and it has a  
character development, being able to improve its performance by 
adding new data available.  

 The performance of the NN material model is directly related to the 
richness of the information contained in the experimental data. 
 



 In-reactor deformation of Zr-2.5%Nb pressure tubes -

short overview (1) 

 The operation of a CANDU fuel channel under the conditions of 
stress, temperature and fast neutron flux in the core of the reactor 
leads to elongation, wall thickness and diameter change and vertical 
deflection (sag) of the pressure tube. 

 The primary cause of this deformation is the neutron irradiation of 
the stressed material.  

 The dimensional changes of the pressure tube are considered to be 
the contribution of three mechanisms associated with the neutron 
irradiation and temperature : 
 Irradiation growth: The change in shape due to irradiation under zero applied 

stress at constant volume. 
 Thermal creep: The change in shape at a constant volume due to the effect of 

temperature and stress in the absence of a fast neutron flux.  
 Irradiation creep: The additional change in shape due to irradiation and 

applied stress at constant volume. 
 



 In-reactor deformation of Zr-2.5%Nb pressure tubes 

short overview (2) 

 From practical point of view, the total in-reactor deformation rate is 
expressed as the sum of three relationships for these mechanisms.  
 

 Thus, the total in-reactor deformation rate, that is expressed as the 
sum of these three terms, has the form: 
 
 

 Usually, the creep and growth phenomena are studied 
independently to determine their important characteristics.  
 

 However, one should note that the real behavior is more complex 
than this, representing a continuum in a multi-dimensional space of 
stress, fast neutron flux, temperature, fast neutron fluence and the 
microstructure of the material. 
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 In-reactor deformation of Zr-2.5%Nb pressure tubes 

short overview (3) 

 The equations have the forms: 
 
 
 
 
 
 
 
 
 

 The multi-axial stress state is defined using the Von Mises criterion 
in which the effective stress σi  is given by 
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 In-reactor deformation of Zr-2.5%Nb pressure tubes 

short overview (4) 

 The Hill’s anisotropy parameters, which characterize the state creep anisotropy of 
material are F, G, H, L, M.  

 If the axes of anisotropy of the pressure tube coincide with the axes of principal 
stress the shear terms are zero and the creep anisotropy factors are given by  
 
 
 
 
 
 Here the subscript i stands for the stress exponent, n.  

 

 The creep anisotropy parameters are calculated from the crystallographic texture 
of the tubes by assuming creep mechanisms related to the prism, pyramidal and 
basal slip systems in the zirconium crystal.  

 The anisotropy of the growth can also be related to the crystallographic texture 
using models that account for the annihilation of the irradiation-induced point 
defects at various sinks in the crystal, such as dislocations and grain boundaries. 

 The Hill’s anisotropy constants for irradiation creep depend on the distance in 
meters, x along the pressure tubes. 
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 Neural Network model for in-reactor deformation of 

CANDU 6 PT -Features(1) 

 The parametric models like those aforesaid have been successfully applied for 
creep phenomena, still they not yet succeeded to deal with large number of 
variables.  

 The neural network method is a more modern technique which is in a full 
progress and complexity [1].  

 The NN method has now been demonstrated to be superior in many cases in the 
extrapolation and representative experimental data, also for the creep data.  

 The Neural Networks methodology could be applicable in virtually every situation 
in which a relationship between the predictor variables (independents-inputs) 
and predicted variables (dependents-outputs) is requested, even when that 
relationship is very complex.  

 Two main features of the Neural Network as a tool can be characterized as follows 
[2]: 
 Neural networks are highly sophisticated modeling techniques able of modeling extremely 

complex functions and in particular, the neural networks are nonlinear.  
 Neural networks has the ability “to learn” by example. The user of neural network collects the 

representative data, and then invokes training algorithms to automatically learn the structure of 
the data.  

 
 
 
 
 
 

[1] H.K.D.H. Bhadeshia, Mechanisms and Models for Creep Deformation and Rupture, in Comprehensive 
Structural Integrity, volume 5, Elsevier, 2003, pp.1 -23  
[2] Simon Haykin, Neural Networks, A comprehensive foundation, Pearson Education, 1999 



 Neural Network model for in-reactor deformation of 

CANDU 6 PT- Features (2) 

 The neural network tool takes a numeric input and produces the corresponding 
numeric output. 

  A transfer function of a unit is typically chosen so that it can accept input in 
one range, and produces output in a limited range. Even though the input can be 
in every range, there is a saturation effect so that the unit is only sensitive to 
inputs within a practically limited range.  

 The most used common transfer function is the sigmoid function. This kind of 
function is also smooth and straightforwardly differentiable, facts that are 
important for the network to perform the training algorithms. 

 In the function approximation, two are most useful neural networks: the 
Multilayer Feedforward Neural Network (MFNN) and Radial Basis Function 
(RBF).  

 In the MFNN the each units perform a biased weighted sum of their inputs and 
pass this activation level through a transfer function. As result it gets their output, 
and the units are set in a layered feedforward topology.  

 The layered feedforward topology is a specific connection structure of a neural 
network, where neurons of one neuron layer may only have connections to 
neurons of other layers.  
 
 
 
 
 



 Neural Network model for in-reactor deformation of 

CANDU 6 PT - Features (3) 

 In a first step the number of layers and units number in each layer should be 
established. Then the network's weights and thresholds must be set up so to 
minimize the prediction error made by the network. This is done with 
the training algorithms.  

 The data base is used to routinely adjust the weights and thresholds to minimize 
this error. The process is similar to fitting the model represented by the network 
to the training data available.  

 A particular arrangement of the network gives an error which is determined by 
running all the training cases through the network, and comparing the generated 
outputs with the target outputs.  

 A known example of a neural network training algorithm is back propagation [1].  
In the back propagation algorithm a gradient vector of the error surface is 
inferred. The algorithm iteratively progresses through several epochs.  

 Inside of each epoch, the training cases are each submitted the network, and 
targets and outputs are compared and the error calculated. The error and the 
error surface gradient are both used to adjust the weights, and then the process 
repeats.  

[1] Martin T. Hagan, Howard Demuth, Mark Beale, Neural Network Design, PWS Publishing Company, 
1996 



   Neural Network model for in-reactor deformation of 

CANDU 6 PT –Neuron model (4) 
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General neuron Inputs 

a=f(wp+b) 

The neuron model is a simple model 
that follows in a simple fashion, the 
architecture of the biological neuron:  
 the weight matches to the strength of a 

synapse,  
 the cell body is represented by the 

summation and the transfer function,  
 and the neuron output represents the 

signal on the axon. 

  Its working scheme is the following:  
 the scalar input p is multiplied by the 

scalar weight w to obtain wp, that is the 
term that is sent to the summer; 

 the other input, 1, is multiplied by a bias b 
and then passed to the summer;  

 the summer output n, often referred to as 
the net input , goes into a transfer 
function f, which gives the scalar neuron 
output a. 

f

Simple neuron sketch model  



  

Illustrative convention for Neuron with several inputs  

 Neural Network model for in-reactor deformation of 

CANDU 6 PT –Neuron model (5) 



  

 A layer of neurons  

 Neural Network model for in-reactor deformation of 

CANDU 6 PT –Network architecture (6) 

 Multiple layers of neurons  

A layer whose output is the network output is called an output layer. The 
other layers are called hidden layers. 



   Neural Network model for in-reactor deformation of 

CANDU 6 PT –Network architecture (7) 

  Obviously, the multilayer networks are more powerful than single-layer 
networks. Therefore, a two-layer network having a sigmoid first layer and a 
linear second layer can be trained to approximate most functions arbitrarily 
well. Single-layer networks is not able do this.  

  In resume, it may be noted few conclusions:  
 the number of inputs to the network and the number of outputs from 

the network could be defined by the characteristics of the external 
problem: 

o  if there are four external variables to be used as inputs, there are four 
inputs to the network; 
o  if there are to be seven outputs from the network, there must be seven 
neurons in the output layer; 
o  the desired characteristics of the output could help to select the 
transfer function for the output layer.  

 As for the number of layers, most practical neural networks have just two or 
three layers.  

 



    Neural Network model for in-reactor deformation of 

CANDU 6 PT – MFNN (8) 

 The Multilayered Feedforward Neural Networks (MFNNs) are an 
important class of the neural networks.  

 This type of network consist of a set source node that constitute the 
input, one or more hidden layers of computation nodes and an output 
layer of computation nodes [1]. 

 The inputs are processed through the network in a forward direction, 
on a layer-by-layer basis.  

 This network can be used as a general tool to approximate a function. It 
may approximate a function with a finite number of discontinuities if it 
is  considered sufficient neurons in the hidden layer [2].  

 This architecture of the Multilayer Feedforward Network will be used 
for creep assessment problem of the CANDU pressure tube.  
 

[1] Simon Haykin, Neural Networks, A comprehensive foundation, Pearson Education, 1999 
[2] Matlab,  Neural Network Toolbox 7, Users’s Guide, Version 7, 2010 



    Neural Network model for in-reactor deformation of 

CANDU 6 PT – MFNN (9) 

Example of the Multilayer Feedforward Network architecture that is proposed to be used 
for creep assessment of the CANDU pressure tube  



    Neural Network model for in-reactor deformation of 

CANDU 6 PT – MFNN (10) 

Steps in net design: 
1) collect and prepares sample data- Multilayer networks can be trained to 

generalize well within the range of inputs for which they have been trained; the practice is 
to first divide the data into three subsets: 

o the first subset is the training set, which is used for computing the gradient and 
updating the network weights and biases; 
o the second subset is the validation set. The error on the validation set is monitored 
during the training process; 
o the third set is test set error. It is not used during training, but it is used to compare 
different models.  

2) create the network object - One hidden layer normally may produce good results. By 
increasing the number of neurons in the hidden layer increases the power of the network, 
but requires more computation and is more likely to produce overfitting.  

 



    Neural Network model for in-reactor deformation of 

CANDU 6 PT – MFNN (11) 

Steps in net design: 
3) Train the Network - At the beginning, the network weights and biases are initialized, 

this means the network is ready for training.  
o The Multilayer Feedforward Neural Network (MFNN) is trained in our case for 
function approximation (nonlinear regression).  
o The training process requires a set of examples of suitable network behavior: 
network inputs p and target outputs t.  
o The process of training a neural network engages correction the values of the 
weights and biases of the network to optimize network performance. For the MFNN 
the default performance function is mean square error (mse).  

 
 
 

o  For training multilayer feedforward networks, some standard numerical 
optimization algorithm can be used to optimize the performance function 
(backpropagation algorithm).  
oThe fastest training function is generally trainlm, and it is the default training 
function for MFNN in MATLAB (Levenberg-Marquardt algorithm). 
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    Neural Network model for in-reactor deformation of 

CANDU 6 PT – MFNN (12) 

Steps in net design: 
4) Post-Training Analysis (Network Validation) - to create a regression plot that 

shows the relationship between the network outputs and the targets.  
o If the training were good, the network outputs and the targets should be nearly 
equal, which is rarely in practice.  
o In the case the network is not satisfactorily accurate, a solution is to try initializing 
the network and the training again. Note, each time initialization of the feedforward 
network, the network parameters could be different and may produce different 
solutions. 
o On the other hand, if the number of hidden neurons increases above 20, this gives 
the network more flexibility because the network has more parameters for the 
optimization process.   

 

5) Use the Network - After the network is trained and validated, the network object can be 
used to calculate the network response to any input in the corresponding range.  

 
 
   



   Example: PT radial creep prediction by MFNN (1) 
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The structure of Multilayer Feedforward Neural Network Model for radial creep prediction of 
Pressure tubes:  a two-layer network having a sigmoid first layer and a linear second layer is trained 
to approximate transverse deformation rate. 



  Example: PT radial creep prediction by MFNN (2) 

Fitting Multilayer Feedforward Neural Network 



  Example: PT radial creep prediction by MFNN (3) 

Multilayer Feedforward Neural Network Training 



  Example: PT radial creep prediction by MFNN (4) 

Performance of MFNN for radial creep rate of pressure tubes 
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  Example: PT radial creep prediction by MFNN (5) 

Multilayer Feedforward Neural Network training regression 
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  Example: PT radial creep prediction by MFNN (6) 

Comparison between predicted and measured values for transverse strain rates of 
pressure tube as function of distance from inlet 
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  Example: PT radial creep prediction by MFNN (7) 

Comparison between predicted and measured values for transverse strain rate of 
pressure tube 
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 Metallographic preparation of Zr-2.5%Nb PT 
Experimental procedure (1) 

The metallographic examination of Zr-2.5%Nb samples has been carried 
out to obtain a picture of the grain size on both section of pressure tube: 
the radial-transversal and radial-axial section.  

The cold-worked Zr-2.5%Nb samples were sectioned from off-cuts 
provided by Cernavoda NPP.  

  The samples were prepared for the metallographic examination with 
optical microscopy in the following steps: 

Sectioning. Specimens have been sectioned using the abrasive cutting.  
Mounting. Specimens need to be handheld for grinding and polishing or to have a 
surface that must be preserved may be mounted using hot- or cold-mounting 
methods.  
Grinding. Wet and dry grinding is performed by hand using abrasive paper.  
Etching.  Etching is used to show certain attributes of the macrostructure and 
microstructure in Zr-2.5%Nb. Typical etchants used for macrostructural and 
microstructural examination of prepared samples is: 45 mL H2O, 45 mL HNO3 
(70%), and 10 mL of HF (48–52%). Procedure: Rough polish, then swab etch 5–10 
s, wash in water, air dry.  

 
 



 Metallographic preparation of Zr-2.5%Nb PT 
Metallographic examination (2) 

The microstructural aspect of grains in Zr-
2.5%Nb sample in axial-radial section 

The microstructural aspect of grains in Zr-2.5%Nb 
sample in radial-transverse section 



 Conclusions 

Status and proposals: 
 A review of literature concerning on the in-reactor deformation of PTs has 

been carried ouţ. 
 A model based on MFNN has been proposed to assess the radial and axial 

creep of CANDU 6 PTs. 
 Preliminary discussion with Cernavoda NPP (Romania) has been lunched, 

and now the preparation of official documents (collaboration in providing 
the inspection data from fuel channel in Unit 1 and 2) are in progress. 

 Further activities: 
 Improvement MFNN to accommodate complex  data base 

(eventually with many variables) for radial and axial in-reactor 
deformation PT, and to satisfy the requirements  from NPP 
Cernavoda and hopefully from present CRP database; 

 To build-up  a database by running the creep equations (if the creep 
constants are provided by AECL); training of MFNN on them and to 
qualify it as a tool for PT in-reactor deformation prediction. 



  

 

 

Thank you for your attention! 

 


