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Abstract: Turbine components operate under severe loading conditions and at high and 

varying temperatures that result in thermal stresses in the presence of temperature 

gradients created by hot gases and cooling air. Moreover, static and cyclic loads as well 

as the motion of rotating components create mechanical stresses. The combined effect of 

complex thermo-mechanical stresses promote nucleation and propagation of cracks that 

give rise to fatigue and creep failure of the turbine components. Therefore, the 

relationship between thermo-mechanical stresses, chemical composition, heat treatment, 

resulting microstructure, operating temperature, material damage, and potential failure 

modes, i.e. fatigue and/or creep, needs to be well understood and studied. Artificial neural 

networks are promising candidate tools for such studies. They are fast, flexible, efficient, 

and accurate tools to model highly non-linear multi-dimensional relationships and reduce 

the need for experimental work and time-consuming regression analysis. Therefore, 

separate neural network models for γ’ precipitate strengthened Ni based superalloys have 

been developed for predicting the γ’ precipitate size, thermal expansion coefficient, 

fatigue life, and hysteresis energy. The accumulated fatigue damage is then estimated as 

the product of hysteresis energy and fatigue life. The models for γ’ precipitate size, 

thermal expansion coefficient, and hysteresis energy converge very well and match 

experimental data accurately. The fatigue life proved to be the most challenging aspect to 

predict, and fracture mechanics proved to potentially be a necessary supplement to neural 

networks. The model for fatigue life converges well, but relatively large errors are 

observed partly due to the generally large statistical variations inherent to fatigue life. 

The deformation mechanism map for 1.23Cr-1.2Mo-0.26V rotor steel has been 

constructed using dislocation glide, grain boundary sliding, and power law creep rate 
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equations. The constructed map is verified with experimental data points and neural 

network results.  Although the existing set of experimental data points for neural network 

modeling is limited, there is an excellent match with boundaries constructed using rate 

equations which validates the deformation mechanism map.  
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Chapter 1 

Introduction, motivation and objectives 

 1.1 Introduction 

Turbine components and aerospace engines operate at high temperatures and 

under severe thermal and mechanical loading conditions. Different stages of operations of 

turbines such as start, stationary, and stop phases are characterized by different 

temperature levels. Consequently, the complete cycle can feature substantial temperature 

variations resulting in severe thermo-mechanical stresses due to unequal thermal 

expansion of interacting components. Therefore, materials used in aerospace engines and 

turbine components are required to possess optimal thermal, mechanical, and 

microstructural properties. High temperature superalloys and steels are the two main 

material classes used in critical hot zones of turbines. Both materials classes have found 

widespread applications because of their excellent thermal, mechanical and physical 

properties including corrosion resistance, high strength coupled with ductility, creep and 

fatigue resistance, optimal impact and wear resistance properties at high temperatures. 

These materials contain many alloying elements such as Cobalt (Co), Chromium (Cr), 

Tungsten (W), Tantalum (Ta), Molybdenum (Mo), Niobium (Nb), Aluminum (Al), 

Titanium (Ti), etc. Superalloys are sub-divided into three broad classes: Nickel (Ni) 

based superalloys, cobalt (Co) based superalloys, and iron (Fe or Fe-Ni) based 

superalloys. The microstructure of most Ni based superalloys consists of a face centered 

cubic (FCC) γ matrix with a high volume fraction of an ordered intermetallic γ’ 
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Ni3[Al,Ti] precipitate phase. The γ’ precipitates are homogeneously distributed in the γ 

matrix. The microstructure of Ni based superalloys also contains other carbide and boride 

phases; however, their impact on high temperature properties is considered to be small. 

Among all phases, γ’ precipitates are the main strengtheners in Ni based superalloys and 

are therefore responsible for key high temperature mechanical and microstructural 

properties [1]. The chemical composition and heat treatment of many Ni based 

superalloys must be well controlled to provide optimal volume fractions of γ’ 

precipitates. 

Similar to superalloys, high temperature steels owe their high temperature 

strength to appropriate medium to large grain size combined with a second phase which 

together limit grain boundary sliding that is the most critical deformation process at high 

temperature. In the case of 1.23Cr-1.2Mo-0.26V steel, the second phase is a dispersion of 

carbide particles.  

The present work is a compilation of research undertakings aimed at establishing 

relationships and correlations between chemical compositions, heat treatments, 

microstructures, mechanical properties, thermal properties, and service lives of Ni based 

superalloys and 1.23Cr-1.2Mo-0.26V steel used in turbine components. Following the 

short motivation description below, an extensive literature review is presented in chapter 

2. The modeling methodology and materials is described in chapter 3; results and 

discussion are outlined in chapter 4; main conclusions with some suggestions for future 

work are summarized in chapter 5. 
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1.2 Motivation and objectives 

Aerospace engines and turbine components are subjected to complex thermal and 

mechanical stresses. Thermo-mechanical stresses are due to temperature gradients and 

are a function of the thermal expansion coefficient of the material. If these thermal 

stresses are sufficiently high, i.e. exceed the local strength of the material, yielding or 

cracking can result. Mechanical stresses caused by severe cyclic loading and vibratory 

motion of rotating components are superimposed to thermal stresses. In other words, the 

combined effect of complex thermal and mechanical stresses can promote nucleation and 

propagation of cracks, which can result in the failure of aero-engines and turbine 

components. In fact, fatigue and creep are the two main modes of failure of turbine 

components such as blades and discs that operate under complex thermo-mechanical 

loading conditions for extended periods of time. In order to improve the performance and 

durability of aero-engines and turbine components, substantial efforts have been made in 

the past decades to optimise component design, manufacturing methods, and materials. 

To estimate the reliable service life of these components, numerous fatigue and creep 

equations have been derived based on laboratory experiments. But in practice, the 

environment experienced by these components is difficult to replicate exactly in the 

laboratory. Specifically, long-term factors such as oxidation, corrosion, and material 

degradation are often underestimated in a laboratory setting. The neural network 

modeling could be a more accurate tool to predict highly non-linear multi-dimensional 

relationships. It is a flexible modeling technique that works similar to the human brain 

and is capable of solving complex problems without any mathematical relationship 

between various operating parameters. This method also reduces the need for 
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experimental work and time consumed in deriving the equations. Therefore, the neural 

network is investigated in this study as a modeling tool to predict the γ’ precipitate size, 

thermal expansion coefficient as well as fatigue damage in γ’ precipitate strengthened Ni 

based superalloys. In addition, a deformation mechanism map is constructed for 1.23Cr-

1.2Mo-0.26V steel, also widely used in turbine components.   

Specifically, the objectives of this thesis are to  

1. Model and compare the γ’ precipitate sizes of various Ni based superalloys using 

Levenberg-Marquadt and Bayesian Regularization backpropagation neural 

network training methods.  

2. Model the thermal expansion coefficient of various γ’ precipitate strengthened Ni 

based superalloys. 

3. Determine and compare the fatigue lives of various γ’ precipitate strengthened Ni 

based superalloys using fracture mechanics and neural network approaches.  

4. Determine and compare the hysteresis energies and fatigue damages of various γ’ 

precipitate strengthened Ni based superalloys used for turbine disc using 

hysteresis area and neural network approaches.  

5. Construct the deformation mechanism map for 1.23Cr-1.2Mo-0.26V steel using 

dislocation glide, grain boundary sliding, and power law creep rate equations and 

verify the map with experimental data and neural network results. 
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Chapter 2 

Literature review 

A great deal of research has been conducted on various physical, thermal, and 

mechanical aspects of alloys used for aero-engines and turbine components. This 

literature review summarises information on alloys used in different turbine parts 

operating under high temperature and severe loading conditions. 

 

2.1 Superalloys 

The term superalloy came around World War II and the demand for this new class 

of alloys in aero-engines and turbine components increased rapidly because they retain 

their strength and oxidation resistance at high temperatures in contrast to most other 

material classes. The use of Co and Fe based superalloys is limited as compared to Ni 

based superalloys primarily due to higher costs and lower corrosion resistance 

respectively. The application conditions, properties, microstructures, strengthening 

mechanisms, heat treatment, etc. are explained in the following paragraphs. 

 

2.1.1 Application conditions  

Modern aero-engines are designed with great emphasis on continuously 

increasing the turbine entry temperature (TET) which varies greatly during a typical 

flight cycle. It is highest during take-off and climbing to cruising altitude (approximately 

1480
ο
C). The variation of the TET during a typical flight cycle of a civil aircraft is shown 
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in Figure 2.1 [1]. This variation in temperature results in high thermal stresses whereas 

high speed rotation of turbine engines results in mechanical stresses. The combined 

effects of thermal and mechanical stresses promote the nucleation of cracks that can lead 

to failure of turbine components. Apart from thermo-mechanical stresses, turbine 

components also face severe environments (corrosive and erosive) that accelerate the 

nucleation of cracks and ultimately lead to failure of turbine components.  

 

 

Figure 2.1: Variation of the TET during a typical flight cycle of a civil aircraft [1]. 

 

2.1.2 Properties of superalloys  

Superalloys used under severe conditions must demonstrate good mechanical, 

physical, and thermal properties. High and low cycle fatigue (HCF and LCF) resistance 

and creep resistance are of key importance. These two important properties will be 

illustrated in detail in later sections. Good ductility, wear resistance, and good impact 

resistance need to be maintained. The properties of superalloys strongly depend on the 
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microstructure. Therefore, an accurate control over phases created in the alloy as well as 

an optimization of morphology and distribution of γ’ precipitates is necessary in order to 

ensure appropriate high temperature properties of Ni based superalloys.  

The magnitude of thermal stresses resulting from temperature variations depends 

on the thermal expansion coefficient [2]. Therefore, the thermal expansion coefficient is 

one of the most important design factors for turbine blades and other components to 

reduce thermal stresses and minimize expansion since components are often operated 

under close tolerances. There is a strong correlation between the thermal expansion 

coefficient, operating temperature, chemical composition, elastic modulus and 

morphology (size and shape) of γ’ precipitates. Previous research has attempted to 

measure or derive the thermal expansion coefficient of Ni based superalloys. Sung and 

Poirier compiled data for Ni based superalloys from various sources and derived an 

equation based on regression analysis for coefficients of thermal expansion (CTE) as a 

function of composition and temperature only. They also stated that Ni based superalloys 

containing both γ’ particles and γ matrix have smaller CTEs than do single phase (γ) 

alloys [3]. Balikci et al. measured thermal expansion coefficient of a suitably heat treated 

and aged polycrystalline superalloy, IN738LC (a turbine blade material) with various γ’ 

precipitate microstructures (fine, medium, course, and duplex) and annealing textures. 

They correlated the thermal expansion coefficient to the preferred orientation and 

elasticity modulus under different microstructural conditions. They found that coarse and 

medium size precipitates with low elasticity modulus values yield the highest thermal 

expansion coefficients while fine size precipitates have lower thermal expansion 

coefficients at all temperatures and the duplex size precipitate microstructure shows the 
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lowest thermal expansion coefficient. The thermal expansion is an elastic dilatation; 

thermo-mechanical forces can result if there are any confinements that prevent free and 

complete expansion of components. Residual and interfacial stresses, abrupt 

compositional changes, and deviations from an homogeneous phase distribution also 

affect the thermal expansion behaviour of components. Hence, processing and fabrication 

methods and uniformity of the resultant microstructure are important in determining the 

overall thermal behaviour [4]. Li and Mills studied the effect of γ’ content on the 

densities of Ni based superalloys and concluded that an increase in γ’ phase content 

results in an increase in the density and a decrease in the thermal expansion coefficient. 

In the relevant turbine application temperature range between 800°C and 1000°C, the 

temperature dependence of the thermal expansion coefficient increases as the size of γ’ 

particles increases [5]. Raju et al. estimated the thermal expansion coefficients as a 

function of temperature of Inconel-600® by using high temperature X-ray diffraction 

technique in the temperature range 25-923°C and found a fair degree of agreement with 

other existing dilatometer based bulk thermal expansion estimates [6]. Abel and Bozzolo 

introduced a simple algorithm for the determination of thermal expansion coefficients of 

pure elements and their alloys based on features of the binding energy curve using single 

elements, an intermetallic alloy and Ni based superalloys as examples. This approach is 

limited to low temperatures and provides only a rough estimate for higher temperatures 

[7]. Based on a previously proposed algorithm [7] exclusively built for the calculation of 

the coefficient of thermal expansion, they proposed an algorithm for the calculation of 

general thermal properties, i.e., coefficient of thermal expansion, equilibrium volume, 



 9 

energy of formation, and compressibility of multicomponent systems, and suggested that 

this algorithm might be useful when experimental data is either limited or unavailable [8]. 

Other desired properties of superalloys include low density to reduce weight; high 

fracture energy to prevent failure; and good oxidation and hot corrosion resistance to 

fight corrosive and erosive attacks [9].  

 

2.1.3 Main phases in Ni based superalloys  

The microstructure of most Ni based superalloys consists of at least two phases: 

ordered γ’ and disordered γ. The fundamental properties of superalloys depend on these 

two common phases. Other phases such as carbides, borides, and topologically close-

packed (TCP) phases are also found in superalloys, but their impact on properties is 

minimal. The phases of most Ni based superalloys are briefly described in the following 

paragraphs. 

Gamma phase (γ): It is a continuous matrix, FCC Ni based austenitic phase, in which 

other phases reside. The stability of the γ phase with respect to other possible crystal 

structures is very important since any phase transformations, either during thermal 

cycling or during extended periods of operation, would affect high temperature 

properties. It contains a high percentage of solid solution formers such as Co, Cr, Mo, 

and W, thereby giving rise to solid solution strengthening. The increase in strength 

depends on the differences in atomic sizes between the base Ni and substitutional atoms.  

Cr, Mo, and W are strong solid solution strengtheners. In contrast, Co, Fe, Ti, and Al 

have minor solid solution strengthening effects that contribute more to either improve the 

corrosion resistance or increase strength by precipitation strengthening [1].  
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Gamma prime phase (γ’): The γ’ precipitate, an intermetallic compound of nominal 

composition Ni3Al, can be obtained by ageing the solution treated alloys. It is the most 

important phase because it plays a significant role in strengthening of Ni based 

superalloys by hindering the movement of dislocations. Its crystal structure consists of Al 

atoms at the unit cell corners and Ni atoms at the face centers (see Figure 2.2).  

 

 

Figure 2.2: Arrangements of Ni and Al atoms in the ordered Ni3Al phase [1].  

 

Depending on heat treatments and chemical compositions, different sizes of γ’ 

precipitates, i.e. fine, coarse, and duplex (both primary and secondary γ’) can be formed. 

Figure 2.3 shows the microstructure of IN738LC, a Ni based superalloy, used in turbine 

blades [10]. Primary (medium or coarse) and secondary (fine) γ’ precipitates are 

homogeneously distributed in the γ matrix [10]. 
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Figure 2.3: Microstructure of the Ni based superalloy IN738LC [10]. 

 

2.1.4 Strengthening mechanisms  

Strengthening of superalloys is required in order to obtain the desirable high 

temperature properties. Solid solution strengthening, precipitation hardening, and carbide 

precipitation (grain boundary strengthening) are the three main strengthening 

mechanisms. All strengthening mechanisms rely on a simple principle, i.e. restricting or 

hindering dislocation motion, thus impeding plastic deformation, which makes materials 

harder and stronger as the strength is inversely related to dislocation mobility [2]. The 

creep resistance and yield strength anomalous behaviour in Ni based superalloys are 

some of the effects of the interactions between different strengthening mechanisms and 

dislocations.  

 

2.1.4.1 Solid solution strengthening 

Solid solution strengthening is the addition of impurity atoms or alloying 

elements that take substitutional or interstitial positions without any change in the crystal 
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structure of the host material. Alloying elements either smaller or larger than the host 

atom impose lattice strains (tensile or compressive) on the surrounding atoms which 

restrict dislocation movement. Therefore, a greater applied stress is necessary in order to 

initiate and then continue plastic deformation resulting in the enhancement of strength 

and hardness. Higher concentrations of the impurity atoms provide stronger strengthening 

effects [1,2].  

 

2.1.4.2 Precipitation strengthening 

The strength achieved through precipitation hardening is related to the degree of 

coherency between the precipitate particles and the matrix, which, in turn, depends 

critically on the lattice misfit. The misfit between γ’ and γ phases plays an important role 

in determining the morphology of γ’ precipitates whereas the morphology of γ’ 

precipitates plays an important role when considering dislocation-precipitate interactions. 

The lattice parameters of γ’ and γ phases are very similar and the lattice misfit is small. 

These result in coherent γ/γ’ interfaces that guarantee low interfacial energy which is 

essential for a stable microstructure and improves properties at elevated temperatures [1]. 

Precipitate cutting and Orowan looping are the two mechanisms that take place at γ’ 

particles during plastic deformation of Ni based superalloys. When a mobile dislocation 

encounters a γ’ precipitate, the dislocation either shears the precipitate or bypasses it by 

Orowan looping. When the precipitate size is small, cutting or shearing is the dominant 

strengthening mechanism whereas Orowan looping or bypassing dominates at large 

precipitates. Careful control of the γ’ precipitates size results in the optimum hardness 

(strength) which is usually attained at the transition point between precipitate cutting and 



 13 

looping mechanisms. It is believed that both Orowan looping and particle cutting 

phenomena are at play at high temperatures to provide the observed strengthening effect 

[11,12]. 

 

2.1.4.3 Grain boundary strengthening 

Various carbides and borides segregate at γ grain boundaries. The actual type of 

carbides and borides depends on the alloy composition and processing conditions 

employed. Carbides and borides improve high temperature creep properties of the 

superalloys via the inhibition of grain boundary sliding [1]. 

 

2.1.4.4 Yield strength anomalous behaviour 

One example of interaction between γ’ precipitates and dislocations is the 

anomalous yield behaviour which is a remarkable characteristics exhibited by γ/γ’ 

Ni based superalloys (Figure 2.4) [1,13]. The anomalous behaviour is caused by 

dislocation arrangement into pairs called super-dislocations (Figure 2.5) and the 

different temperature dependent configurations of super-partial dislocations of 

such pairings as they cut through γ’ particles [2,13-15]. The yield strength is a 

sensitive function of the γ’ phase, which, in turn, depends on the fraction, size, and 

distribution of γ’ particles, and hence on the heat treatment applied. The strength of 

metals and alloys normally decreases when temperature increases owing to the 

thermally assisted movement of dislocations. In contrast, in case of superalloys, 

the yield strength increases with temperature up to approximately 600
ο
C to 800

ο
C. 

Above this range, the yield strength decreases quickly as the temperature further 



 14 

increases toward about 1200
ο
C [1,13]. This is ideal for turbine blades as their 

stationary operating temperature is approximately 800-1000
ο
C [1].  

 

 

Figure 2.4: Yield stress vs. temperature of a number of superalloys. The anomalous 

behaviour is illustrated by the yield strength increase up to a peak at about 900°C [1]. 

 

 

 

Figure 2.5: Transmission electron micrographs showing dislocations travel through the 

γ/γ’ microstructure in pairs: (a) Dark-field micrograph of sheared particles in Nimonic 

105; and (b) Pairs of edge dislocations in Nimonic PE16 after unloading [1,14,15]. 
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2.1.5 Heat treatment  

Commonly employed procedures to form γ’ precipitates in superalloys are 

solution and precipitation heat treatments that can best be explained using corresponding 

phase diagrams along with temperature vs. time plots as can be seen in Figure 2.6 [2,16]. 

The first step is usually a solution heat treatment which consists in heating the alloy to the 

γ single phase region (temperature To for instance in Figure 2.6 for the alloy of 

composition Co) where all solute atoms are dissolved to form a relatively soft and 

homogeneous single phase solid solution. The solutionizing temperature To depends on 

the properties desired. This procedure is followed by quenching to freeze the solutionized 

supersaturated state. In some cases, very fine precipitates may also form during 

quenching. Accelerated air cooling (ACC), oil quenching (OQ), and water quenching 

(WQ), common quenching methods, are employed during heat treatment. For 

precipitation heat treatment, the supersaturated solid solution is heated to the two-phase 

(γ’+γ) region to an intermediate temperature (temperature T2 in Figure 2.6 for the alloy of 

composition Co) where the diffusion rate is appreciable and γ’ precipitates form within 

the γ matrix as dispersed particles. After an appropriate ageing time, the alloy is cooled to 

room temperature [2]. Often, double or multiple ageing treatment steps are employed 

depending on the alloy type and design objectives in order to control the size and 

distribution of γ’ precipitates and improve strength and rupture life [2]. The first step at 

relatively high temperature can produce coarser particles while finer secondary 

precipitates can be produced within the γ channels either at lower ageing temperatures or 

during cooling. 
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    Figure 2.6: Binary Ni-Al phase diagram with solution and precipitation heat treatments [2,16]. 

 

2.2 Cr-Mo-V steel 

Cr-Mo-V is a high temperature steel widely used for critical components in steam 

turbine rotors. The alloy primarily possesses a tempered martensitic microstructure with a 

prior austenite grain size of 100 µm containing various types of carbides/precipitates, 

namely Fe3C as inter-granular precipitate and V4C3, Mo2C (needle) as trans-granular 

dispersions. The high creep strength of Cr-Mo-V steel is caused by precipitation 

strengthening due to these uniformly dispersed carbides [17].  

 

  2.3 Failure modes 

As already mentioned in previous sections, the combined effect of complex 

thermal and mechanical stresses promotes the nucleation and propagation of cracks that 

give rise to fatigue and creep failure of gas turbine blades and other components 

C0 

γ’ +γ 

γ 

γ’ 
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interacting with them. The creep of high temperature materials is described in section 

2.3.2. Fatigue characteristics and damage mechanisms are explained in section 2.3.1 

below. 

 

2.3.1 Fatigue 

Fatigue is the general phenomenon of material failure that occurs in structures 

subjected to dynamic and fluctuating stresses to a stress level considerably lower than the 

tensile or yield strength [18,19]. Each stress cycle causes some degradation or damage of 

the material or component. It is the single largest cause of failure in metals and is one of 

the major causes of failure of turbine components. Fatigue failure is catastrophic and 

insidious, occurring very suddenly and without any remarkable overall plastic 

deformation warning. Even ductile metals fail in a brittle manner during fatigue. The 

standard definition of fatigue as stated by ASTM, contained in ASTM E 1150 is “the 

process of progressive localized permanent structural change occurring in a material 

subjected to conditions that produce fluctuating stresses and strains at some point or 

points that may culminate in cracks or complete fracture after a sufficient number of 

fluctuations” [20].  

 

2.3.1.1 Fatigue stages 

Fatigue failure consists of three stages, namely, crack initiation, crack 

propagation, and final fracture. Each of these stages is an extremely complex process. 

Crack initiation can be defined as the generation, nucleation or formation of small cracks 

that can be detected by a reliable non-destructive testing (NDT) technique or by any other 
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means. Cracks generally nucleate at oxide films, inclusions, pores, intermetallic phases, 

grain boundaries, slip-bands, machined surfaces, twin boundaries, second phases, 

notches, surface scratches, sharp fillets, keyways, threads, dents, and microscopic surface 

discontinuities. These nucleation sites serve as the points of stress concentrations or stress 

raisers. A crack initiated at a pore of a Ni based superalloy is shown in Figure 2.7 

[21,22]. 

In the fatigue crack propagation stage, the crack advances incrementally with 

increasing number of stress cycles that create beach-marks and/or striations on the 

fracture surface [2].           

                             

 

Figure 2.7: Fracture surface of a Ni based superalloy (a), crack initiation at a pore (see arrow) is 

magnified in Figure (b) [21,22]. 

 

2.3.1.2 High cycle and low cycle fatigue 

High cycle fatigue (HCF) and low cycle fatigue (LCF) are the two regimes of 

fatigue loading. HCF primarily results from the motion of rotating components as well as 
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resonances. In HCF, a linear elastic behaviour is observed and is often characterised by 

smaller stress amplitudes and larger numbers of cycles in excess of 10
8
. However, more 

technological advancements resulted in extremely highly loaded components such as 

turbine blades and discs, the occurrence of plasticity led to another fatigue regime called 

LCF. LCF conditions are primarily caused by thermal stresses resulting from a restriction 

in thermal expansion of components and from engine start-ups and shut-downs when the 

load changes from zero to the maximum and back to zero. In most cases, the service lives 

of turbine components covers less than 10
5
 LCF cycles which are characterised by 

relatively high stress amplitudes [2,23]. During LCF, a hysteresis loop develops between 

stress and strain which indicates the partitioning of the response into elastic and plastic 

strain contributions. The terms related to the stable hysteresis loop are explained in 

Figure 2.8: the width Δε represents the total strain range and the height Δσ, the stress 

range. The hysteresis loop equation is the most commonly used method for estimating the 

hysteresis energy that can be given by [24]: 

 

               
n

W
p






1


                                                        (1)  

   
where Δεp is the plastic strain range and n' is the cyclic strain hardening exponent. 

Fatigue fracture occurs after the material has accumulated a critical amount of 

energy over a given number of cycles called service life. The hysteresis energy can be 

used for total fatigue damage prediction. 
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Figure 2.8: Stable hysteresis loop developed during low cycle fatigue [19]. 

 

2.3.1.3 Fracture mechanics 

Fracture mechanics describes relationships between the material properties, stress 

levels, presence of crack-producing flaws, and crack propagation mechanisms. This leads 

to an important link between fracture mechanics and fatigue [25]. Small, microscopic 

flaws or defects (cracks) exist under normal conditions at the surface or within the 

interior of components, which create strong local stress concentrations. These stress 

fields can generate plastic zones (of radius ry) where the work is done against plastic and 

frictional forces [25]. The local stress depends on the crack orientation and geometry. It is 

highest close to the tip of the crack and decreases with distance away from the crack tip. 

Local yielding occurs if the local stress reaches the yield strength, σy. Figure 2.9 shows 

an illustration of the plastic zone and the local stress distribution at the tip of a crack [25].  
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Figure 2.9: Plastic zone and stress distribution at a crack tip [25]. 

 

The stress intensity factor (K), defined by equation (2) for the linear fracture 

mechanics case, controls the stress and energy state near the crack tip, and consequently 

the fracture process.  

                                                        cYK                                                          (2)  

 
The fatigue stress intensity factor range ΔK can then be defined using equation (3) as:                                                                                                                                                                                       

                                           cYKKK  minmax                                    (3) 

 
where Y is a function depending on the geometry and loading conditions; σ is the 

nominal applied stress; and c is the crack depth. Linear Elastic Fracture Mechanics 

(LEFM) and Elastic Plastic Fracture Mechanics (EPFM) are the two sub-branches of 

fracture mechanics used to describe the stress field around the crack tip. LEFM is 

applicable to fatigue crack growth when the deformation at the crack tip is mostly elastic 
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and the size of the plastic zone near the crack tip is very small (generally smaller than the 

crack size or grain size). In addition, the material should be isotropic and homogeneous 

around the crack. If these conditions of LEFM are not fulfilled, then EPFM is used. But, 

due to complexity in EPFM, it is not as well developed as the LEFM concept. Therefore, 

LEFM principles are most frequently applied to solve fatigue crack growth problems. As 

the crack grows and increases in length during fatigue, the stress intensity factor range 

ΔK increases with time under constant cyclic stress as can be seen in Figure 2.10.  

 

 
 

Figure 2.10: Cyclic loading of a cracked component [25]. 

 

The crack growth per cycle, dc/dN, increases with ΔK as illustrated in Figure 2.11 

[25]. There are three main stages in the curve:  

In the first stage, below the threshold stress intensity factor range (ΔKth), non-

propagating cracks exist, but there is no observable fatigue crack growth. The second 
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stage is the most important and describes a linear relationship between log(dc/dN) and 

log(ΔK) through the Paris equation written as: 

 

                                                        
 mKA

dN

dc


                                              (4) 

 
 
where A and m are material constants.  

 

 

Figure 2.11: Crack growth rate dc/dN vs. ΔK in a log-log scale [25]. 

 

The fatigue crack propagation life of a component can be obtained by integrating 

equation (4) between the limits of the initial crack size, c0, and the critical crack size for 

sudden fracture, cf, as: 
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For the special case of m = 2, equation (6) can be simplified to: 
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In the third stage of Figure 2.11, an accelerated crack growth occurs leading to 

unstable fracture when the stress intensity factor reaches the fracture toughness (KIC) of 

the material. The fracture toughness is a measure of a material’s resistance to brittle 

fracture when a crack is present. It depends on many factors, the most influential of 

which are temperature, strain rate, and microstructure. Ductile materials have large values 

of KIC, but brittle materials have low values of KIC which make the material vulnerable to 

catastrophic failure [2]. 

Traditionally, component life estimation is based on a combination of the crack 

initiation life and the crack propagation life determined by the fracture mechanics 

approach. Equations (6) and (7) are generally used for the crack propagation life 

prediction in which the crack initiation life is added to obtain the total fatigue life. 

 

2.3.1.4 Fatigue life prediction and fatigue damage 

Several fatigue life prediction methods such as Basquin law, Coffin-Manson law, 

frequency modified damage function model, strain range partition, and so on have been 



 25 

developed to predict fatigue life. Lee et al. successfully used different methods for 

predicting the high temperature low cycle fatigue performance of five Ni based 

superalloys (Inconel 718 HIP, Inconel 718 HIP and heat treated, MAR-M-247 HIP, 

MAR-M-247 HIP and heat treated, and Rene 95 HIP) based on tensile and LCF tests. 

They also developed a novel equation to predict the LCF of HIP superalloys as well as of 

cast Rene 80 at elevated temperatures [26]. Several studies have also been done to relate 

the hysteresis energy to the total fatigue damage and fatigue life. It was suggested that the 

hysteresis energy associated with plastic deformation per unit volume in a cycle is a 

measure of the damage in the material and can be used as a parameter to predict the 

fatigue life [27]. Mathew et al. conducted experiments on a Ni based alloy, Nimonic 

PE16, to investigate the deformation behaviour under monotonic and cyclic loading 

conditions with and without holding time. They applied different life prediction models 

based on the concepts of hysteresis energy, strain range partitioning, and micro-

mechanistic damage to analyse experimental fatigue life data. They concluded that the 

fatigue life is not only determined by the magnitude of plastic strain but also by the 

nature of the strain, which, in turn, controls the type of damage [28]. Under random 

loading conditions, Tchankov and Vesselinov developed a new incremental method, 

based on the Von Mises material behaviour, for the calculation of dissipated hysteresis 

energy to failure that can be used as a fatigue life parameter. They further concluded that 

failure occurs when a critical boundary value for dissipated energy is reached. The 

advantage of this method is that it does not use a cyclic counting procedure. This 

approach is not limited to high or low cycle fatigue and can easily be extended to a 

multiaxial state of stresses [29]. Recently, Mazari et al. proposed an analysis of fatigue 
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crack propagation based on energetic approach and expressed a unique linear relation 

between the crack growth rate and the hysteretic energy per cycle [30]. Daubenspeck and 

Gordon used a combination of extrapolation and estimation techniques to develop a 

method to accurately characterize high stress amplitude LCF of IN738LC using 

experimental data at different temperatures in order to evaluate and examine the validity 

of extrapolation based on hysteresis energy trends [31]. 

Many damage accumulation models have also been formulated on the ground of 

experiments or theoretical analyses for different material classes. For Ultimet superalloy, 

Jiang et al. used the integrated approach of combining non-destructive evaluation, 

microstructural investigation, and fatigue testing to characterize the fatigue damage of 

utilized acoustic emission, used for identifying the positions of the crack initiation, and 

positron lifetime spectroscopy, a sensitive non-destructive technique to reveal the fatigue 

damage. They found that the results of acoustic emission system were generally in good 

agreement with those of the average positron lifetime by positron spectroscopy [32]. Kim 

et al. developed a robust experimental procedure with repeatable measurements of the 

acoustic non-linearity parameter to track the evolution of fatigue damage in a Ni based 

superalloy subjected to both high and low cycle fatigue. These non-linear ultrasonic 

results indicate that the fatigue damage associated with HCF is relatively localized, while 

the damage associated with LCF is more evenly distributed. One application of the 

measured acoustic non-linearity parameter vs. fatigue life data is to potentially serve as a 

master curve for life prediction based on non-linear ultrasonic measurements [33]. 

Ramkumar et al. correlated an increase in the non-linearity parameter resulting from 

harmonic generation from a failed fatigued sample of DA718, a Ni based superalloy, that 
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exhibits planar slip, and consequently dislocation pile-ups using transmission electron 

microscope (TEM) observations of the dislocation structure in fatigued samples. They 

found that theoretical estimates of the increase in non-linearity parameter based on TEM 

measurements were close to experimental ultrasonic measurements [34]. Seweryn et al. 

proposed the model of damage accumulation for analysis of fatigue life of structural 

elements under non-proportional loading states and concluded that increment of damage 

accumulation depends on increments of dissipation of energy and stress condition. Their 

model enabled to define the number of cycles or the time of safe application of complex 

fatigue loads in many engineering applications [35]. 

 

2.3.2 Creep 

Materials used for elevated temperature applications are generally subjected to 

time-dependent and permanent deformation called creep which limits the lifetime of the 

components [36]. The fact that creep is a function of temperature and time indicates that 

it is a thermally activated process. The type of the material, the microstructure, and the 

service environment affect creep behaviour. For metals, creep becomes important at 

temperatures above the recrystallization temperature when atoms become mobile 

allowing time-dependent rearrangement of the microstructure [18,20,36,37]. The 

knowledge of creep characteristics of a material allows the design engineer to ascertain 

its suitability for a specific application. Turbine components are machined to tight 

tolerance with respect to the engine housing and are subjected to elevated temperatures 

under low to medium stresses for a prolonged time. Therefore, creep is one of the major 

modes of damages of turbine components in which a plastic and irrecoverable strain 
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accumulates overtime causing unacceptable elongation or even failure of components. 

Figure 2.12 is an example of failure of a turbine blade due to creep deformation [37]. 

 

     
                                   

Figure 2.12: Typical creep deformation in a jet-engine turbine blade [37]. 

 

2.3.2.1 Creep deformation 

It is believed that more than one creep mechanism, discussed in section 2.3.2.2, 

can operate at the same time. Typical creep curves show the strain as a function of 

elapsed time for constant load or stress and temperature. In engineering situations, 

constant load tests are more important because the load is maintained constant in real 

applications. However, to better understand the mechanisms of creep, constant stress tests 

are employed [2]. Figure 2.13 (a) illustrates the idealized shape of a creep curve of a 

material under a constant load and (b) shows the corresponding variation of the creep rate 

[38]. The shape of the creep curve depends on the material’s chemical composition, 

microstructure, and operating conditions. There is an instantaneous elastic deformation, 

as indicated in the Figure, resulting from the application of the load. The instantaneous 

strain is not considered creep and may constitute a substantial fraction of the total strain. 
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It should be subtracted from the total strain to give the creep strain [23]. This strain 

should also be considered in design studies and failure analysis.  

 

 

Figure 2.13: (a) A schematic creep curve showing three stages of creep and an    

instantaneous elongation on application of load; (b) schematic strain rate plot vs. time [38]. 

 

The resulting creep curve consists of three stages, namely, primary or transient 

creep, secondary or steady state creep, and tertiary creep [38]. The degree to which these 

three stages can be distinguished depends on the material, temperature, and applied 

stress. The slope of the curve is called creep rate [2,20,36,38]. Both constant load and 
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constant stress exhibit similar creep behaviour except in constant stress the onset of 

tertiary creep is delayed.   

The primary creep phase exhibits a continuously decreasing creep rate because 

creep resistance or strain hardening of the material increases and further deformation 

becomes more difficult as the material is strained [1,2]. In the secondary creep phase, the 

creep rate reaches a steady state; the deformation rate is minimal and almost constant. 

The steady state creep represents a balance between work hardening and recovery; it 

usually covers an overwhelming fraction of the total creep life. Therefore, the secondary 

or minimum creep rate is the most important engineering design parameter and is widely 

used in research and engineering studies [36,37].  

    In the tertiary creep phase, the creep rate increases due to microstructural and 

metallurgical changes such as grain boundary separation, formation of internal cracks, 

cavities, voids, necking, coarsening of precipitates, etc. All these factors cause a decrease 

in the effective cross-sectional area and an increase in strain rate. Oxidation also reduces 

the cross-sectional area and leads to increased creep rate. In designing components for 

service at elevated temperatures, the creep resistance is primarily considered using data 

of elapsed time and extension that precede tertiary creep. However, the safety factor can 

include the tertiary creep phase in which defects can be detected before catastrophic 

failure occurs [2,36,37].  

 

2.3.2.2 Mechanisms of creep deformation 

Creep deformation is based on mechanisms such as slip, sub-grain formation, 

diffusion, and grain boundary sliding that occur at high temperatures [23,37]. It is 
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believed that new slip systems become operative at high temperatures that allow slip to 

be easier than at low temperatures. At high temperatures, sub-grain structures are formed 

due to excess dislocations and grains can slide past each other. Moreover, grain boundary 

migration can take place allowing grain boundaries to move normal to their surface under 

the influence of shear stresses that help to relieve strain concentration. Thus, both grain 

boundary sliding and grain boundary migration play a major role in high temperature 

creep [23,38].  

Dislocation glide: The motion of dislocations in slip systems, defined by slip planes and 

slip directions, is called dislocation glide. The impediment of dislocation glide by 

obstacles such as precipitates, dispersoids, solute atoms, and other dislocations 

determines the creep rate in this mechanism [23,39,40].  

Dislocation creep or power law creep (PLC): Dislocation creep consists of dislocation 

motion non-parallel to the Burgers vector to overcome barriers by thermally assisted 

mechanisms such as diffusion of vacancies or atoms. During dislocation creep, the steady 

state rate represents a balance between strain hardening and recovery by rearrangement 

and annihilation of dislocations [23,38,40]. It has been shown that dislocation climb 

normal to the Burgers vector plays a major role in dislocation creep. Atomic diffusion is 

the rate controlling mechanism because the dislocation climb requires diffusion of 

vacancies or atoms as illustrated in Figure 2.14 where many adjacent atom movements 

are required to produce climbing of an entire dislocation line [18]. The rate equation 

empirically describing balanced hardening and recovery processes can be given as [40]: 
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where (
PLC



 ) is the steady state strain rate, APLC is a non-dimensional constant; Dv is the 

volume diffusivity at the test temperature; μ is the elastic shear modulus; k is the 

Boltzmann constant; T is the temperature in Kelvin; b is the Burgers vector; σ is the 

applied stress and n is the stress exponent.  

 

 

Figure 2.14: Mechanism of dislocation climb [18]. 

 

Diffusion creep: In diffusion creep (Nabarro-Herring creep and Coble creep), there is a 

stress assisted motion of vacancies causing the deformation of the material. The stress 

results in the flow of vacancies from the grain boundaries under normal tensile loading 

and the corresponding flow of atoms from the grain boundaries under normal 

compressive loading in the opposite direction. There is an evidence to suggest that the 

activation energy for diffusion creep and the activation energy for self-diffusion are 

identical [1,2,23].  

Grain boundary sliding (GBS): Grain boundary sliding is a shear process in which the 

grains in polycrystalline metals move relative to each other parallel to grain boundaries. 
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The mechanism of grain boundary sliding can lead to the initiation of grain boundary 

fracture which occurs discontinuously with time. Figure 2.15 is a schematic illustration of 

cracking at triple points (intersection point of three grain boundaries) due to grain 

boundary sliding in which the arrows show the grain sliding direction [20,23,38]. 

                                                   

 
 

Figure 2.15: Schematic views of cracking due to grain boundary sliding [20,23,38]. 

 

The rate equation of GBS can be given as [41,42]: 
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where (
GBS



 ) is strain rate due to GBS; AGBS is a non-dimensional constant; Dgb is the 

diffusion coefficient for grain boundary; q is the grain size index; d is the grain size; other 

parameters are the same as in equation (8). 
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2.3.2.3 Deformation mechanism map 

J. Weertman and J. R. Weertman first constructed a creep diagram that displayed 

creep mechanisms (dominant flow processes) as discrete fields separated by transition 

boundaries where the two adjacent mechanisms contribute equally to overall deformation 

[43]. This concept was further developed by Ashby and co-workers to construct 

deformation and fracture mechanism maps for a material with a specific grain size as a 

function of homologous temperature (T/Tm) and normalized stress (τ/µ) where a 

particular thermally activated flow or fracture mechanism dominates the process of 

deformation and fracture within a given field [43,44]. The contours of constant strain rate 

were also superimposed on the various fields of the maps to relate applied stress, strain 

rate, and temperature to provide information about the range of dominance of each of 

these thermally activated processes and the rates of flow they produce [40]. Typical 

constitutive rate equations developed for simple metals and alloys were used to describe 

the contribution of different mechanisms in polycrystalline materials such as silver, 

nickel, iron, etc. involving dislocation glide, dislocation creep or power law creep 

(dislocation glide plus climb), and diffusion creep mechanisms, i.e. Nabarro-Herring 

creep and Coble creep [45]. Bell and Langdon carried out a detailed experimental study 

on the importance of GBS during creep in a magnesium alloy over a range of 

temperatures and stresses [46]. They also compared different methods of assessing the 

strain contribution due to GBS towards overall creep deformation and concluded that 

GBS had an important role to play in the deformation of metals that were subjected to 

creep at high temperatures. Langdon further developed a rate equation for GBS taking 

into account the movement of dislocations within, or adjacent to, the boundary plane, 
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through a combination of dislocation glide and climb steps. He concluded that GBS was 

one of the dominant creep mechanisms that operates independently of diffusion creep 

leading to enhanced creep rates at low stresses [41]. Langdon and Mohamed used GBS 

rate equation to construct an alternative deformation mechanism map at fixed 

temperature but varying as a function of grain size and applied stress [47-50]. Bhargava 

et al. generated creep and tensile data for AlSI 304 stainless steel and generally found 

agreement of the plotted data with predictions in dislocation glide, power law creep, and 

diffusion creep regimes [44]. Luthy et al., on the other hand, showed that large portions 

of deformation regimes were dominated by GBS even in Ni and Al [51]. Janghorban and 

Esmaeili compared the deformation mechanism maps for Ti and Ti-6Al alloy and 

concluded that in the case of Ti-6Al alloy, power law creep dominates over a wider range 

of stresses and temperatures than for pure titanium, and the strengthening effect of 

aluminum shifted the iso-strain rate contours to higher stresses and temperatures [52]. 

Deformation mechanism maps for turbine blade superalloys such as IN738LC and GTD-

111 have also been constructed and, in both cases, the authors assumed that diffusion 

creep was prevalent at lower stresses [53,54]. Koul and Castillo generated long term 

creep and rupture life data on cast IN738LC over a wide range of temperatures based on 

activation energy and detailed microstructural analyses. They concluded that GBS 

dominated the creep deformation in long term creep tests [55]. Using these data along 

with other data generated at a constant temperature where power law breakdown (PLB) 

was clearly discernible, they further modified the conventional deformation mechanism 

map by considering GBS as a separate deformation mechanism as shown in Figure 2.16 

[56,57]. They further hypothesized that, at lower stresses and higher temperatures, the 
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transition between GBS and diffusion creep may exist if an interface reaction controlled 

diffusion creep mechanism is considered dominant at very low stresses and high 

temperatures. The interface reaction controlled diffusion creep was considered because 

grain boundaries in complex engineering alloys are not perfect sources or sinks for 

vacancies due to the presence of grain boundary carbides and other segregating elements 

[58].  

 

 

Figure 2.16: Deformation mechanism map for IN738LC blades indicating typical operational 

stress and temperature regimes for industrial and aero-engine blades [56,57].  

 

Langdon further developed a rate equation for GBS applicable to a wide range of 

grain sizes, where the rate of sliding was considered to be controlled by the rate of 

accommodation through intra-granular slip. The model showed good agreement with 

experimental results under creep as well as superplastic deformation conditions [42]. Wu 
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and Koul modified the Langdon's GBS model to develop a constitutive rate equation for 

GBS in the presence of grain boundary precipitates by incorporating physically defined 

back stresses opposing dislocation glide and climb [59]. They further concluded that the 

grain size dependence of the creep rate was grain boundary carbide distribution 

dependent in complex engineering alloys. They further refined their theoretical model to 

consider GBS at serrated grain boundaries, using the dynamics of grain boundary 

dislocation pile-ups, by averaging the sliding rate over the characteristic dimensions of 

grain boundary serrations [60]. Ayensu and Langdon established a clear inter-relationship 

between the extent and the rate of GBS and the development of creep cavitation. They 

concluded that the total cavitated area increased at faster sliding rates, but the number and 

density of cavities decreased at highest sliding rates because the cavities interlinked to 

form extended cracks along the boundaries. They confirmed that the overall level of 

cavitation is related to the occurrence of GBS [61]. Xu et al. developed an inter-granular 

GBS controlled creep crack growth model to describe the effects of microstructural 

features such as grain size, grain boundary precipitates, and serrated grain boundaries on 

the creep crack growth in complex engineering alloys [62]. They further showed 

experimentally that the grain size dependence of creep crack growth was grain boundary 

carbide distribution dependent in complex engineering alloys [63]. Wardsworth et al. 

have examined creep data of complex engineering alloys that include reactor-grade 

magnesium alloys, Ni based superalloys, and aluminum based alloys and postulated that 

creep deformation, in these alloys, was controlled by GBS accommodated by dislocation 

glide and climb process as opposed to Nebarro-Herring mechanism of diffusional creep at 

lower stresses [64]. It is thus evident that GBS as opposed to diffusion creep plays a 
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major role in controlling the time dependent high temperature deformation in complex 

engineering alloys during creep, creep cavitation, crack nucleation, and growth processes. 

Wu et al. presented a schematic of a deformation mechanism map for complex 

engineering alloys where time dependent deformation at elevated temperatures is 

controlled either by dislocation glide and climb within the grain interiors called power 

law creep or along the grain boundaries called GBS, with the PLB marking the transition 

between two mechanisms (Figure 2.17) [65].  

 

 

Figure 2.17: Schematic creep mechanisms [36,65].  

 

Kawasaki et al. conducted experiments on Pb-62Sn eutectic alloy to plot the 

deformation mechanism map and showed that GBS was a dominant creep mechanism 

along with Nebarro-Herring and Coble creep [43]. Recently, Banerjee et al. modified the 

deformation mechanism map for the Pb-Sn eutectic solder alloy considering GBS as a 
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dominant creep mechanism. Based on microstructural evidence, they further sub-divided 

the GBS dominant region into two parts based on the dominance of different GBS 

accommodation processes, i.e., GBS accommodated by wedge type cracking below 

0.5Tm and GBS accommodated by cavitation creep above this temperature, Figure 2.18 

[66]. Most recently, M. Asadi et al. used a similar approach considering that the PLB 

phenomenon was related to the dominance of GBS as opposed to diffusion creep and 

plotted a creep deformation mechanism map for the Alloy 718 [67]. They also 

summarized the rate equations for different creep mechanisms used for the construction 

of deformation mechanism maps for different engineering alloys [67]. 

 

 

Figure 2.18: Modified deformation mechanism map by accommodating grain boundary sliding 

[66]. 
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2.4 Artificial neural network  

A number of adaptive numerical modeling (ANM) techniques such as artificial 

neural networks, support vector machines and Gaussian processes have been applied to a 

wide range of regression and classification problems in materials science [68]. In recent 

years, an artificial neural network (ANN) has been very successfully applied in many 

disciplines including pattern recognition, identification, classification, signal processing, 

process control, corrosion life prediction, and a host of other material science applications 

[69]. However, such modeling techniques also have some challenges in computational 

materials science. Raabe addressed some important challenges of computational materials 

science by giving examples of modeling and simulations of microstructure, 

computational bio-materials science, artificial neural network, etc. in his article. He also 

suggested that there should be a balance between the realm of simulations and 

experimental validation [70].  

An artificial neural network, first presented in 1943 by the neurophysiologist 

Warren McCulloch and the logician Walter Pits, is a mathematical technique that models 

complex linear and non-linear relationships and simulates any correlations that are 

difficult to describe using physics based models. Today, the ANN can be trained to solve 

problems that are difficult for conventional computer programs or human intelligence. 

They are good at fitting functions and recognizing patterns. A fairly simple neural 

network can fit any practical function. The results computed by the neural network have 

reasonable accuracy and are much faster than other methods. The backpropagation neural 

network (BPNN) methods are the most commonly used ANN methods. Several different 

backpropagation training algorithms such as Gradient Descent, Gradient Descent with 
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Momentum, Scaled Conjugate Gradient or Resilient backpropagation, Levenberg-

Marquadt and Bayesian Regularization, etc. have been applied either in batch mode or 

incremental mode of training on different pattern recognition and function approximation 

problems. Hagan and Mehnaz applied several backpropagation training algorithms on 

function approximation problems and concluded that the Levenberg-Marquadt method 

was more efficient than that of other techniques [71]. Demuth et al. have employed 

several BPNN algorithms and summarized that for function approximation problems, the 

Levenberg-Marquadt or Bayesian regularization performed better for small and 

medium size networks whereas for pattern recognition problems, the Resilient BPNN 

had the fastest algorithm. It has also been recommended that for large networks, Scaled 

Conjugate Gradient or Resilient backpropagation performed better. Gradient 

Descent and Gradient Descent with Momentum are generally too slow for many 

practical applications and are normally used only when incremental training is desired 

[69]. The basics of backpropagation algorithms are described in section 3.1.5. 

The Levenberg-Marquadt and Bayesian Regularization are the most common 

backpropagation algorithms that have been successfully applied in recent decades to 

correlate chemical composition, heat treatment, and physical and mechanical properties 

with materials response to application conditions in the field of computational materials 

science. New alloys have also been designed for aero-engines and turbine components 

using an ANN. Another application of the BPNN so far has been the development of 

constitutive relationship for materials. A summary of previous research on 

backpropagation training algorithms, specifically, Levenberg-Marquadt and Bayesian 

Regularization methods is given in following paragraphs. 
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Huang and Blackwell successfully trained and tested a neural network model with 

mechanical property variables relating to temperature and strain rates to develop a 

constitutive relationship for the widely used Ni based superalloy Inconel 718. They gave 

the constitutive relationship and discussed its practical applications [72]. Bhadeshia 

summarized mechanical properties (strength, creep, and fatigue), heat treatment, phase 

transformation, welding, etc. in his review paper and explained how neural network 

models can be used to obtain optimum results in superalloys, polymers, ceramics, and 

composite materials [73].  

Using the backpropagation neural network, microstructural and processing 

relationships in materials have been established in the past. Yoshitake et al. have 

constructed a neural network model to estimate the temperature dependent lattice 

constants of the γ and γ' phases of Ni based superalloys where the lattice parameters of 

two phases were expressed as a non-linear function of 18 variables including chemical 

composition and temperature based on data sets compiled from new experiments and 

published literature. The results showed that the method was extremely useful in 

understanding both the effect of solutes on the lattice mismatch, and on how this 

mismatch changes with temperature; the outcome was the development of new single-

crystal alloys [74]. Sharpe considered four next-generations Ni based disc superalloys 

prepared by powder metallurgy and subjected to various controlled heat treatments. He 

established relationships between alloy processing and microstructure. Elevated 

temperature testing including tensile, hardness, creep deformation, creep crack growth, 

and fatigue crack growth tests were also conducted to establish relationships between 

microstructure and mechanical properties. He demonstrated the applicability of the ANN 
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modeling to the development and behavior of Ni based disc superalloys [75]. Based on 

dislocation structures, a model has been developed to predict the flow stress of a 

precipitation hardening aluminum alloy. Three essential features of dislocation 

microstructures: substructure cell size, cell wall thickness, and density of geometrically 

necessary dislocations were used as input variables and the model was able to accurately 

predict the flow stress of aluminum alloy 6022 as a function of its dislocation density and 

structure [76]. 

The mechanical property determination is one of the main areas where an ANN 

has been recognized as a potentially useful modeling tool. The yield and ultimate tensile 

strength for a range of commercial, wrought, and polycrystalline Ni based superalloys has 

been modeled as a function of alloy chemistry and temperature. The trained models were 

subjected to a variety of metallurgical tests and the resultant models were found to be 

consistent with current metallurgical theory and experience [77,78]. Similarly, Warde and 

Knowles trained a series of networks to model the yield strength of polycrystalline 

superalloys as a function of temperature and composition. The previously developed 

neural network models were used in an alloy design process to highlight a subset of 

potential compositions from a wide range of alloys [79,80]. Haque and Sudhakar 

developed a BPNN model to predict the behavior of fracture toughness and tensile 

strength of micro-alloy steel as a function of microstructure with the objective to validate 

and extend the application of micro-alloy steels for a series of steels comprising dual-

phase microstructures. They found that ANN training results were in good agreement 

with experimental results [81]. In addition, an ANN has also been utilized for the 

mechanical property determination in manufacturing processes. For example, Esfahani et 



 44 

al. modeled the effects of chemical composition and process parameters (total 23 

variables) on the tensile strength of hot strip mill products and compared the results with 

experimental data [82]. Singh et al. trained an ANN model to predict the yield and tensile 

strengths of steel plates as a function of composition and rolling parameters and tested the 

model to confirm that the predictions were reasonable in the context of metallurgical 

principles and other data published in literature [83]. In the work of Bariani et al., a 

neural network was utilized to represent the rheological (flow stress) behaviour of a the 

Ni based superalloy, Nimonic 80A, under various values of strain rate and temperature 

conditions approximating thermo-mechanical cycles of industrial hot forging operations 

[84]. Martino et al. introduced neural network models to predict mechanical properties of 

Ni based alloys using 30 different input parameters including chemical composition (up 

to 20 elements), manufacturing process, crystallographic structure, heat treatment (with 

three temperature and time steps), and test conditions [85]. 

Hardness and some other physical properties along with mechanical properties 

were also successfully predicted using ANNs [86-88]. Hassan et al. recently applied a 

feedforward BPNN to predict the density, porosity, and hardness of aluminium-

copper/silicon carbide composites using the weight percentage of copper and the volume 

fraction of reinforcement particles as input parameters [87]. Also, Syarif et al. developed 

a feedforward BPNN model for predicting the hardness, ultimate tensile strength, yield 

strength, and elongation of Ti-6Al-4V alloy as a function of heat treatment processes 

[88].  

An ANN has been proven to be an effective tool in predicting creep properties 

and developing new alloys. Yoo et al. employed a neural network technique for modeling 
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of the creep strength of polycrystalline Ni based superalloys used for turbine disc and 

blade applications as a function of alloy composition, creep stress, and creep temperature 

[89]. Furthermore, they investigated an ANN for an alloy development, i.e., the 

compositional modeling of the creep rupture life of single-crystal superalloys. The model 

contained test conditions such as creep stress and temperature as well as alloy 

compositions as inputs. As predicted by their model, newly designed alloys exhibited 

excellent phase stability and creep rupture lives that were better than or equivalent to 

those of CMSX-4 (second generation single-crystal Ni based superalloy) [90].  

Numerous papers have been published on the use of ANN models for predicting 

fatigue life, fatigue/creep crack growth rate, and fatigue damage. Fuji. et al. used an ANN 

to model the fatigue crack growth rate of a large variety of Ni based superalloys as a 

function of some 51 variables, including stress intensity range ΔK, log ΔK, chemical 

composition, temperature, grain size, heat treatment, frequency, load waveform, 

atmosphere, R-ratio, distinction between short and long crack growth, sample thickness, 

and yield strength using data from published literature [91]. Schooling and Reed’s 

research evaluated the use of an ANN to investigate and model trends in fatigue crack 

growth behaviour on stage II of the Paris regime, where the growth rate depends mainly 

on the stress intensity range, Young’s modulus and yield strength of Ni based superalloys 

[92]. They also modeled the fatigue thresholds in Ni based superalloys and found that the 

models were in agreement with metallurgical knowledge and threshold values that were 

predicted with a reasonable degree of accuracy [93]. Lee et al. used constant stress 

fatigue data to evaluate possible ANN architectures for the prediction of fatigue lives and 

to develop network training methods for carbon-fibre-reinforced plastics and glass-
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reinforced plastic laminate. They found that the ANN can also be used to model constant 

stress fatigue behaviour of composite materials [94]. Venkatesh and Rack performed 

comparative study of elevated temperature creep-fatigue life prediction by conducting 

high temperature low cycle fatigue tests on Ni based alloy Inconel 690 and developed a 

BPNN model with five extrinsic parameters, namely, strain range, tensile strain rate, 

compressive strain rate, tensile and compressive hold, and an intrinsic parameter (final 

grain size) and concluded that the ANN has the potential for achieving superior creep-

fatigue life cycle predictions as compared to the modified Coffin-Manson, linear life 

fraction, and hysteresis energy methods [95]. Haque and Sudhakar build an ANN model 

to analyse fatigue crack growth rates as a function of stress intensity factor ranges for 

dual phase steel with different martensite content range. The model exhibited excellent 

agreement with experimental results [96]. Pleune et al. used Matlab NN software to train 

fatigue data to 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 results were accurate and precise and agreed well with 

experimental data [97]. Srinivasan et al. generated data for solutionized stainless steel and 

applied an ANN model to study the LCF and creep-fatigue interaction behavior with five 

parameters, namely, temperature, strain rate, total strain amplitude, hold time, and PCW 

(percentage cold work) level. They showed that an ANN can predict creep-fatigue life 

much better than certain analytical approaches such as strain range partitioning, 

frequency modified approach, and energy based approach [98]. Genel employed an ANN 

model to predict the strain-fatigue life properties, i.e. fatigue strength coefficient and 

fatigue ductility coefficient values, which primarily characterize the curves of the strain 



 47 

amplitude vs. life reversals, of 73 steels using tensile material data that were extracted 

from literature. They constructed four separate ANN models for individual fatigue 

properties. The strain-fatigue life properties were predicted with high accuracy and 

seemed more reasonable compared to approximate methods that were formerly used 

based on tensile material data [99]. Kim et al. trained an ANN to recognize the stress 

intensity factor in the interval from micro-crack to fracture of structural steel specimens 

by using the acoustic emission (AE) measurements on compact tension specimens. 

Predictions obtained from the ANN were in good agreement with experimental data for 

the stress intensity factor. The ANN based on the AE measurement can be used to predict 

the stress intensity factor of different specimens for various cyclic loading conditions and 

can easily be incorporated to aid in the numerical analysis of the stress intensity factor 

during fatigue crack propagation [100]. Marquardt and Zenner trained an ANN to 

evaluate the components damage directly based on the S-N curve and load spectrum and 

approximated the lifetime that leads to a more reliable prediction than the fatigue life 

calculated by linear damage accumulation according to Palmgren and Miner. An ANN 

corresponds to a direct substitution of the Palmgren-Miner rule. It also demonstrates the 

ability to predict the lifetime for material groups and type of loadings for which the 

network was not trained [101]. A BPNN was employed for the fatigue life prediction 

under multiaxial random loading and for finding critical locations of an automotive sub-

frame within reasonable time. The performance of an ANN model was evaluated by 

comparing its outputs with results of the conventional calculation method for multiaxial 

fatigue life and was found acceptable in most fatigue design considerations. It has been 

shown that an ANN provides good prediction results in searching critical component 



 48 

locations [102]. The neural computing method was also suitable for describing the fatigue 

data trends and statistical scatter of fatigue life under constant loading conditions for an 

arbitrary set of influential factors once the optimal neural network was designed and 

trained [103]. Bezazi et al. discussed the use of an ANN to estimate the fatigue lifetime of 

a sandwich composite material structure subjected to cyclic three-point bending loads. 

Excellent agreement was obtained between the model predicted outputs and experimental 

data [104]. An ANN was also trained to predict the fatigue crack growth rates of Ti-6Al-

4V alloy using elevated temperature data at a given stress intensity under different 

temperatures [105].  

An ANN has been proven to be a useful tool in simulation and condition 

monitoring of power plants. Fast et al. constructed the multi-layered feedforward network 

and accurately predicted operational and performance parameters of gas turbines for 

varying local ambient conditions [106]. 

Corrosion behaviour has also been predicted using ANNs. Cottis et al. built an 

ANN model to predict the pitting corrosion behaviour of a stainless steel as a function of 

solution composition and temperature [107].  
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Chapter 3 

Modeling methodology and materials 

3.1 Basics to neural network 

The basic principles of simple neuron model, neural network architecture, transfer 

functions, backpropagation training methods, etc. are described in following sections. 

 

3.1.1 Simple neuron model  

An ANN has non-linear basic processing units called neurons. The neuron model 

and architecture of a neural network describe how a network transforms its inputs into 

outputs. The neural network architecture consists of multiple layers of neurons which 

have a summing up junction and a transfer function. A simple neuron model is shown in 

Figure 3.1. The neuron takes input p which is transmitted through a connection that 

multiplies its strength by the weight w to form the product wp. A bias b is also applied 

that is much like a weight except that it has a constant value of 1 and can be omitted if 

desired. The transfer function then takes the net input n which is the sum of the weighted 

inputs (wp + b) and produces the output Y [69,99]. The central idea of an ANN is to 

adjust weights and biases or the network itself adjusts these parameters to achieve 

accurate results [69].  
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    Figure 3.1: Simple neuron model [69]. 

 

3.1.2 Transfer functions  

The transfer function takes the weighed input and produces the output Y. 

Sometimes the users can also specify their own transfer functions based on their 

requirement. The commonly used transfer functions are: 

Linear transfer function: Neurons of this type are used as linear approximators.          

The linear transfer function is generally used in the output layer. A simple linear transfer 

function is shown in Figure 3.2 [69,105]. 

Sigmoid transfer function: The sigmoid transfer function is commonly used to develop 

non-linear relationships. The tan sigmoid transfer function, shown in Figure 3.3, takes the 

input, which can have any value between plus and minus infinity, and squeezes the output 

into the range -1 to 1. This transfer function is commonly used in backpropagation 

networks because it is differentiable and runs very fast [69,105]. 

The output of the neuron using the tan sigmoid transfer function is given by: 
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where Y is the output and n is the net input.  

 

 

Figure 3.2: Linear transfer function [69,105]. 

 

 

Figure 3.3: Tan sigmoid transfer function [69,105]. 

 

3.1.3 Neural network architecture  

The most commonly used neural network architecture is given in Figure 3.4. It 

consists of one input layer, one output layer, and one hidden layer. The added hidden 
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layer contains intermediary parameters that are automatically generated by the model; the 

hidden layer is necessary in case of complex non-linear relationships between the inputs 

and the outputs. One or multiple neurons connect the input to the hidden layer. Similarly, 

one or multiple neurons connect the hidden layer and the output layer. On the left hand 

side of Figure 3.4, p1, p2, ----pn are the inputs that are sent to the hidden layer and on the 

right hand side Y is the output of the network [69,89,101]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3.4: Neural network architecture used for modeling. 

 

3.1.4 Backpropagation 

The backpropagation generally has three or more layers: one input layer, one or 

more hidden layers, and one output layer. Each layer has a number of neurons that are 

connected with other neurons in neighbouring layers by weights. The backpropagation 

training set has a representative set of input/target pairs. It consists in moving the training 

patterns forward through the network layers. The output is computed by the network for 
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each input in the training subset. The error between the computed output and the actual 

measurement value (target) is then propagated backward, and weights and biases are 

updated. These steps are repeated for all input/target pairs until the network performs 

optimally, i.e. the errors between the network outputs and the targets are minimal. The 

backpropagation method is illustrated in Figure 3.5 [69,105]. 

 

 

Figure 3.5: Backpropagation training [69,105]. 

 

3.1.5 Backpropagation training algorithms 

Backpropagation updates the weights and biases in the direction in which the 

performance error function decreases most rapidly. An iteration of the backpropagation is 

given by: 

                                          (11) 

 

where Xk is a vector of current weights and biases, gk is the current gradient, and αk is the 

learning rate. As mentioned in section 2.4, there are several different backpropagation 
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training algorithms, i.e. basic Gradient Descent, Gradient Descent with Momentum, 

Levenberg-Marquardt algorithm, etc. They all are based on other standard optimization 

techniques, such as conjugate gradient and Newton’s methods. Their computation and 

storage requirements are different. The use of these algorithms depends on the type of 

problem to be solved. The conventional performance error function that is minimized by 

the backpropagation algorithm is defined as [69,82]: 
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where mse is the mean squared error; T is the target and Y is the output. The default 

backpropagation training algorithm in Matlab neural network toolbox is the Levenberg-

Marquardt algorithm (Trainlm). It is the most commonly used training method. It is a 

numerical optimization technique, a variation of the Newton’s method, consisting in 

iteratively updating weights and biases to minimize the mean squared error, which is the 

performance error function of this algorithm. It uses the Jacobian matrix J that contains 

first derivatives of network errors with respect to weights and biases to compute the 

gradient. In Levenberg-Marquardt algorithm, the gradient can be computed as:  

 

                                                       eJg T

k                                                       (13) 

where gk is the gradient; J is the Jacobian matrix; T is the transpose of the matrix and e is 

a vector of network errors. A new parameter, μ (mu), is introduced in this algorithm 

which is decreased or increased to reduce the performance error function during training 

of the network. According to equation (11), an iteration of the Levenberg-Marquardt 

algorithm can be written as:  
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where I is the identity matrix.  

The maximum value of mu is given by mu-max. The training status is displayed in every 

show. Training stops when some pre-defined conditions are met, i.e. the number of 

iterations exceeds the pre-defined maximum iterations or epochs, or the performance 

error function reaches the goal. Min-grad refers to the minimum gradient of the 

performance error function whereas max-fail is the maximum validation failure. The 

common training parameters for all algorithms in Matlab neural network toolbox are 

epochs, show, goal, min-grad, and max-fail [108]. The training parameters for the 

Levenberg-Marquadt algorithm are epochs, show, goal, mu, mu-dec, mu-inc, mu-max, 

min-grad, etc. The Levenberg-Marquadt backpropagation algorithm is the fastest training 

algorithm available, but, it also requires a lot of computer memory when the training set 

is large. Therefore, the parameter mem-reduc is used for the reduction of computing 

memory requirement [69]. 

 

3.1.6 Feedforward backpropagation network 

Multilayer feedforward network is the most common architecture used by the 

backpropagation algorithm. Generally, four parameters are required to create a network 

object in Matlab neural network toolbox [108]. These parameters are the minimum and 

maximum values of inputs, the number of neurons of each layer, the transfer functions to 

be used in each layer, and the training function. These four input parameters are briefly 

described in the following paragraphs. 
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Inputs: The selection of inputs is very important for optimal network development. Their 

maximum and minimum values form the basic values of feedforward network in Matlab 

neural network toolbox during training of the network [69,108].  

Number of neurons: The number of neurons forms the second parameter of the 

feedforward neural network. As already mentioned earlier, the neural network 

architecture consists of multiple layers of neurons. The number of neurons in the input 

layer is determined by the number of input variables. The number of neurons in the 

hidden layer is determined by trial and error with various weights and biases, whereas the 

number of targets is considered to be the number of neurons in the output layer. 

Generally, under-fitting occurs if the hidden neurons are too few and too many neurons 

cause over-fitting and strong oscillations [69,108]. 

Transfer functions: Various transfer functions are available in the Matlab neural 

network toolbox such as tan sigmoid, log sigmoid, and linear transfer function. Tan 

sigmoid and linear transfer functions are commonly used in the hidden and output layers 

respectively (see section 3.1.2). 

Training functions: Once the first three input parameters of the feedforward network are 

set and the network is initialized by weights and biases, the network is ready for training. 

During training, the performance error function, defined by the training algorithm or by 

the user, is minimized by iteratively adjusting weights and biases of the network 

[69,108]. Various training algorithms used in feedforward neural network are explained 

in 3.1.5.  
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3.1.7 Improving generalization 

Generally, over-fitting can occur during the neural network training. This means 

that the error in the training subset can be small, though the error for any new set of data 

can still be large because the network has just memorized the training example, but does 

not have the ability to generalize to new situations. Various solutions may be used to 

improve the network generalization. One method is to use a network that is just large 

enough to provide an adequate fit. The larger the network, the more complex functions 

the network can create and higher the risk of over-fitting. But, it is difficult to know 

beforehand how large a network should be for a specific application. If the number of 

parameters in the network is much smaller than the total number of data points in the 

training set, then there is little or no chance of over-fitting. If data are limited, two 

generalization techniques, early stopping and regularization can prevent over-fitting [69]. 

 

3.1.7.1 Early stopping 

An early stopping is the default method in Matlab neural network toolbox for 

improving generalization. In this method, the data is divided into three subsets: a training 

subset, a validation subset, and a test subset. The training subset is used for computing 

the network errors and updating the network weights and biases. During the initial phase 

of training, the error on the validation subset and training subset normally decreases. But, 

the error on the validation subset typically begins to rise, when over-fitting occurs. When 

the validation error continues to increase for a specified number of iterations, the training 

stops, and weights and biases at the minimum of the validation error are returned. The 

testing subset is not utilized during training and used for comparing different models, 
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which allow assessing the generalization error and confirming the appropriateness of the 

data division into three subsets [69]. 

 

3.1.7.2 Regularization 

The regularization approach is the most commonly used method for preventing 

over-fitting, wherein the performance error function is optimized. The Bayesian 

Regularization (Trainbr) is a type of the regularization method in which the Trainbr 

training function is used to automatically set the optimal performance error function to 

achieve the best possible generalization. The Bayesian Regularization uses the sum of 

squared error as the performance error function. The sum of squared error is 

automatically optimized to achieve the best regularization by minimizing and modifying 

a linear combination of squared errors and weights. In addition to a term of mean square 

error, the Bayesian Regularization includes a term of mean square weight. Therefore, the 

performance error function for the Bayesian Regularization (msereg) method can be 

given by [69,82]: 

 

                               mswmsemsereg   1                                    (15) 

 
where msw (mean square weight) is defined as: 
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wj is the weight, and γ is the performance ratio, which is adjusted automatically by the 

Bayesian Regularization algorithm. This performance error function (msereg) leads to 
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smaller network weights and biases, which make the network response smoother and less 

likely to over-fit.  

The common training parameters in Trainbr are almost the same as for Trainlm, 

i.e. epochs, goal, show, time, min-grad, max-fail, mem-reduc, mu, mu-dec, mu-inc, and 

mu-max. In training with Trainbr, the algorithm runs until the effective number of 

parameters reaches convergence. Generally, the training stops with the message 

"Maximum mu reached" which indicates that the algorithm has converged. In some 

cases, the algorithm is also considered to have converged if the sum of squared error and 

sum of squared weights remain constant over several interactions. In most cases, the 

Bayesian Regularization provides better generalization performance than other methods 

particularly when the data set size is very limited and the statistical scatter is small. 

However, it takes more time to converge than the other methods [69]. 

 

3.1.8 Pre-processing and post-processing 

The neural network training is more efficient when both input and target variables 

are pre-processed or normalized (scaled) so that they always fall within a specified range. 

When the network is been created, some of the pre-processing functions are 

automatically performed [69]. 

 

3.1.8.1 Pre-processing 

There are two main normalizing functions, namely, Min and Max; and Mean and 

Standard deviation which are explained below. 
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Min and Max: The Min and Max function in Matlab neural network toolbox is used to 

pre-process the inputs (p) and targets (T) into normalized inputs (pn) and targets (Tn) that 

fall within the interval [-1, 1].  

Mean and Standard deviation: This normalizes inputs (p) and targets (T) into 

normalized inputs (pn) and targets (Tn) with a mean value of zero (0) and a standard 

deviation of one (1).  

 

3.1.8.2 Post-processing 

The performance of a trained network can be initially assessed based on the errors 

on training, validation, and test subsets. However, the ultimate accuracy of the network is 

usually evaluated using a linear regression analysis between the network outputs and the 

corresponding targets for the entire data set including training, validation, and test 

subsets. The linear regression analysis returns three parameters: the slope m of the 

regression line, its y-intercept b, and the correlation coefficient R between the outputs 

and targets. The first two parameters m and b relate targets to network outputs and the 

third parameter R is a measure of how well the variation in outputs is explained by the 

targets. For a perfect fit, m (slope) should be 1, b (y-intercept) should be 0, and R 

(correlation coefficient) should be 1 [69].  

All models are performed using Microsoft Windows 7 Home edition with AMD 

Atholon (tm) II X2 220 Processor and  3GB RAM as the operating system and run into 

Matlab (R2007b) neural network toolbox. 
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3.2 Materials data 

 
A total of 22 γ’ precipitated Ni based superalloys and 1 Cr-Mo-V steel material, 

all used in turbine blades and disc, are selected for this study. Chemical compositions are 

provided in Table 3.1 [11,109-112].  

 

Table 3.1: Chemical compositions (wt %) of materials used for modeling [11,109-112]. 

Material Ni  Cr Co  Mo  W  Ta  Nb  Al  Ti  Zr  B C  Si V Fe Reference 

Nimonic PE 16, W 43 16.7 0.19 3.27 0 0 0 1.1 1.28 0 0 0.065 0.24 0 34.155 110 

Nimonic PE 16, G 43.2 16.2 0.05 3.5 0 0 0 1.25 1.28 0 0 0.054 0.06 0 35.61 110 

Nimonic 80A 76.04 19.4 0.1 0 0 0 0 1.53 2.47 0 0 0.07 0.2 0 0.19 110 

Nimonic 90 (1) 59.27 19.5 16 0.3 0 0 0 1.8 2 0 0 0.13 1 0 0 110 

Nimonic 105 53.88 15 20 5 0 0 0 5 1 0 0 0.12 0 0 0 110 

IN100 (1) 50.28 10 15.5 0 0 0 0 4.75 5.1 0 0 0 0 0 0 110 

IN738LC 61.48 16 8.5 1.75 2.6 1.75 0.85 3.45 3.45 0.06 0.0095 0.11 0 0 0 11,109, 111 

Nimonic 90 (2) 55.5 19.5 18 0 0 0 0 1.4 2.4 0 0 0.06 0 0 0 11,109,111 

X-750 73 15.5 0 0 0 0 1 0.7 2.5 0 0 0.04 0 0 0 11,109,111 

Astroloy (1) 56.5 15 15 5.25 0 0 0 4.4 3.5 0.06 0.03 0.06 0 0 0 11,109, 111 

IN100 (2) 60 10 15 3 0 0 0 5.5 4.7 0.06 0.02 0.15 0 0 0 11,109,111 

Mar-M-246 60 9 10 2.5 10 1.5 0 5.5 1.5 0.05 0.02 0.15 0 0 0 11,109,111 

Udimet 500 48 19 19 4 0 0 0 3 3 0 0.01 0.08 0 0 0 11,109, 111 

Waspaloy (1) 57 19.5 13.5 4.3 0 0 0 1.4 3 0.09 0.01 0.07 0 0 0 11,109,111 

IN713LC 75 12 0 4.5 0 0 0 6 0.6 0.1 0 0.05 0 0 0 11,109,111 

Nimonic 115 55 15 15 4 0 0 0 5 4 0.04 0 0.2 0 0 0 11,109,111 

IN100 (3) 56.91 12 18.4 3.1 0 0 0 5 4.5 0 0 0.09 0 0 0 112 

Waspaloy (2) 57.96 19.3 13.6 4.2 0 0 0 1.3 3.6 0 0 0.04 0 0 0 112 

Rene 95  69.22 12.8 8.1 3.6 0 0 0 3.6 2.6 0 0 0.08 0 0 0 112 

MERL 76 56.98 12 18.4 3.3 0 0 0 5.1 4.2 0 0 0.023 0 0 0 112 

Astroloy (2) 55.38 14.7 17.2 5 0 0 0 4.1 3.6 0 0 0.024 0 0 0 112 

HIP Astroloy 54.84 15.1 17 5.2 0 0 0 4 3.5 0 0 0.023 0 0 0 112 

Cr-Mo-V Steel 0.35 1.23 0 1.2 0 0 0 0.005 0 0 0 0.3 0.25 0.26 95.45 17 

G and W represent to Glossop Superalloys Ltd and Wiggins Ltd respectively, which refer to the name of supplier 

companies. 

 
 

For any modeling using neural networks, the selection of neural network methods, 

input variables, and the number of data points is important. Different materials are used 

for γ'  precipitate size, thermal expansion coefficient, fatigue life, hysteresis energy, 
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accumulated fatigue damage, and deformation mechanism maps because no material 

could be found for which appropriate literature data are available to cover all material 

properties modeled in this study. Specific materials and rationales for their selection are 

provided in the following paragraphs for each property considered. 

 

1) γ' precipitate size 
 

The materials selected for γ' precipitate size are six γ’ precipitated Ni based 

superalloys that are used for turbine discs and blades including Nimonic PE 16 (W), 

Nimonic PE 16 (G), Nimonic 80A, Nimonic 90, Nimonic 105, and IN100 for which 

required literature input data is available. The chemical composition of these materials is 

given in Table 3.1 [110]. 13 input variables including solutionizing temperature, 

solutionizing time, ageing temperature, ageing time, and chemical composition (Ni, Cr, 

Al, Ti, Co, C, Mo, Si, Fe) are chosen. In order to form efficient relationships between 

input and output variables, large amounts of data are required for each input/target pair.  

In addition, the effects of ageing methods on the γ' precipitate size is modeled on 

commonly used Ni based superalloy (IN738LC) in turbine blades with sufficient 

literature data for appropriate neural network simulations.  

 

2) Thermal expansion coefficient 

Ten γ’ precipitated Ni based superalloys used in turbine discs and blades are 

selected for which sufficient literature data are found for modeling of the thermal 

expansion coefficient. They include IN738LC, Nimonic 90, X-750, Astroloy, IN100, 

Mar-M-246, Udimet 500, Waspaloy, IN713LC, and Nimonic 115. Their chemical 
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compositions are given in Table 3.1 [11,109,111]. 22 input variables including 

temperature, chemical composition (Ni, Cr, Co, Mo, W, Ta, Nb, Al, Ti, B, Zr, C 

contents), solution heat treatment (solution temperature, solution time, chilled water 

quenching, air cooling), and ageing heat treatment (ageing temperature, ageing time, 

water cooling, air cooling) are chosen.  

 

3) Fatigue life 

Six γ’ precipitated turbine disc Ni based superalloys, namely, IN100, Waspaloy, 

Rene 95, Merl 76, Astroloy, and HIP Astroloy, available appropriate literature data for 

fatigue life, are used for simulation using neural networks. Their chemical compositions 

can be seen in Table 3.1 [112]. 15 input variables such as fatigue parameters (plastic 

strain range, strain ratio, and stress range), mechanical properties (ultimate strength, yield 

strength, and reduction in area), chemical composition (Ni, Cr, Co, Mo, Al, Ti, and C), 

and microstructural properties (grain size and volume fraction of γ’ precipitates) are 

chosen.  

 

4) Hysteresis energy 

The materials selected for modeling of the hysteresis energy are same used for the 

fatigue life modeling, namely IN100, Waspaloy, Rene 95, Merl 76, Astroloy, and HIP 

Astroloy, for the reasons described above. The chemical composition of these materials is 

given in Table 3.1 [112].  

 

 



 64 

5) Accumulated fatigue damage 

The simulation of the accumulated fatigue damage is a hybrid of models for the 

fatigue life and hysteresis energy. Therefore, same materials described in 3) and 4) are 

used.  

 

6) Deformation mechanism map 

Cr-Mo-V steel has sufficient literature data for the simulation of deformation 

mechanism map construction. It is a carbide precipitation strengthened and largely used 

in turbine disc, and therefore, it is judged appropriate, together with γ’ precipitated Ni 

based superalloys, for the objective of this thesis which is to investigate turbine discs and 

blade materials. Carbide precipitates in Cr-Mo-V steel are located both in grain interior 

and at grain boundaries that are primarily responsible for the material’s strength at high 

temperature similar to γ’ precipitates in Ni based superalloys. The chemical composition 

of Cr-Mo-V steel is given in Table 3.1 [17]. 

 

3.3 Other methods  

Apart from the neural network modeling, other modeling methods are also used in 

this work as presented in the following sections. 
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3.3.1 Fracture mechanics approach for fatigue life prediction 

Fracture mechanics principles are first used to determine the critical crack lengths 

of Ni based superalloys for the different load levels and then used to estimate 

corresponding fatigue lives.   

 

3.3.1.1 Critical crack size determination 

Using fracture mechanics, the critical crack length (cf) can be estimated using the 

following equation [2] (see section 2.3.1.3): 

                         fcIC cYK         or         
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where KIC is the fracture toughness; Y is a function depending on the geometry and 

loading conditions; σc is the critical stress or the maximum stress (σmax) that can be 

defined as the sum of stress amplitude (σa) and mean stress (σm) given by equation (18): 

  

                                                        mac                                                       (18) 

 
 whereas the alternating stress or stress amplitude (σa) can be determined by using the 

following equation: 
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where is the stress range; maxand min are the maximum and minimum stresses 

respectively
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3.3.1.2 Crack propagation life determination 

The crack propagation life can be predicted by solving the Paris equation (6) as 

given by [1] (see section 2.3.1.3):             
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3.3.2 Area method for calculation of the hysteresis energy 

The hysteresis loop area equation (1), the most commonly used method for 

estimating the hysteresis energy, can be given as [24]: 
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                                                               (1) 

 
where ∆W is the hysteresis energy; is the stress range; Δεp is the plastic strain and  n' 

is the cyclic strain hardening exponent. 

 

3.3.3 Fatigue damage prediction 

Knowing both the hysteresis energy (∆W) and the number of cycles to failure 

(NF) allows assessing the approximate accumulated fatigue energy or damage (DF) of 

components according to equation (20) [113]: 

 

                                                         FF NWD .                                                       (20)  
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3.3.4 Rate equations for the deformation mechanism map 

For constructing the deformation mechanism map of 1.23Cr-1.2Mo-0.26V steel, 

the following rate equations for obstacle controlled dislocation glide [40,114], modified 

rate equations for grain boundary sliding [56,59], and power law creep [56] are used 

respectively:  
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Where 


DG is the strain rate due to dislocation glide; 


0  is a pre-exponential constant; 

∆F is the activation energy for dislocation glide required to overcome the obstacles 

without any aid from external stresses; τs is the applied shear stress; τo is the flow strength 

of the solid at zero K; τig and τic are the back stresses due to dislocation glide and climb 

respectively; λ is the grain boundary precipitate spacing; r is the average radius of grain 

boundary particles; τb is the back stress due to carbides; other parameters are the same as 

in equations (8) and (9). 
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Chapter 4 

Results and discussion 

Turbine components and aerospace engines operate at high temperatures and 

under severe thermo-mechanical loading conditions which can result in the failure of 

engines. Operating temperature, microstructure, and properties (mechanical, thermal, 

etc.) are fundamental parameters in the design and assessment of aerospace components. 

The development of relationships between these parameters and failure modes is very 

important in order to predict the lives of turbine components. Therefore, separate neural 

network models have been developed for predicting γ’ precipitate size, thermal expansion 

coefficient, fatigue life, and hysteresis energy which are used to determine the 

accumulated fatigue damage of turbine blade and disc materials. Moreover, creep 

deformation mechanism map for 1.23Cr-1.2Mo-0.26V steel is also constructed using 

dislocation glide, grain boundary sliding, and power law creep rate equations and verified 

with experimental data and neural network results. Together with fatigue and 

environmental damage such as wear and corrosion, creep can be used to predict the 

accumulated fatigue damage of turbine blade and disc materials. 

As mentioned in section 3.1.5, in all neural network models, either feedforward 

Levenberg-Marquadt or Bayesian Regularization backpropagation in batch mode of 

training is selected in the Matlab neural network toolbox to iteratively update the weights 

and biases to minimize the error. Both the input and target data are normalized so that the 

inputs and targets have zero mean and unity standard deviation before training to get 

efficient results. As explained earlier, to avoid over-fitting, inputs and targets are 
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randomly divided into three subsets, i.e. training, validation, and testing subsets. The 

training status is displayed in every show. To avoid premature convergence, the training 

parameters are set so that the convergence is sufficiently smooth and slow. Training stops 

when some predefined conditions are met, i.e. mu becomes larger than mu-max, the 

number of iterations reaches the predefined maximum number of epochs, the 

performance error function reaches the goal, etc. [69]. The obtained neural network 

training and results are described in the following sections. 

 

4.1 Gamma prime (γ’) precipitate size 

Chemical composition and heat treatment influence the size and shape of γ’ 

precipitates, which, in turn, play an important role in high temperature properties of 

superalloys. A neural network has been employed to determine alloy processing and 

microstructure relationship for superalloys [75] and to estimate the temperature 

dependent lattice constants of γ and γ' phases of Ni based superalloys as a function of 

chemical composition and temperature [74]. However, neural network models to predict 

γ’ precipitate size of Ni based superalloys are still lacking. Therefore, a neural network 

model is developed in this work to correlate chemical composition and heat treatment 

with the γ’ precipitates size of Ni based superalloys as described below. 

 

4.1.1 Training methods for modeling of the γ’ precipitate size  

It is very difficult to know which neural network training algorithm is best 

suitable for a given problem as each training algorithm depends on many factors such as 

the complexity of the problem, the number of data points in the training set, the number 
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of weights and biases in the network, the error goal, and the type of function to be 

approximated. Therefore, the Levenberg-Marquadt (Trainlm) and Bayesian 

Regularization (Trainbr) methods, explained in sections 3.1.5 and 3.1.7.2, are 

investigated in order to determine the most appropriate of these two training methods for 

the γ’ precipitate size modeling of Ni based superalloys. The required data used for this 

study are taken from published literature [110]. Materials considered are Nimonic PE 16, 

Nimonic 80A, Nimonic 90, Nimonic 105, and IN100. The inputs variables are 

solutionizing temperature, solutionizing time, ageing temperature, ageing time, and 

chemical composition including Ni, Cr, Al, Ti, Co, C, Mo, Si, and Fe contents (see 

Tables 3.1, 4.1 and A1) [110]. The γ’ precipitate size for each corresponding input set is 

taken as the target. For 13 input variables, a total of 200 data points is used for modeling 

the γ’ precipitate size. In order to avoid over-fitting, the total data set is randomly divided 

into three subsets; a training subset (50% of the total data set), a validation subset (25% 

of the total data set), and a test subset (25% of the total data set).  

The performance error function for the Levenberg-Marquadt training algorithm 

(Trainlm) is the mean squared error whereas for the Bayesian Regularization training 

algorithm (Trainbr), the performance error function is the sum of squared error. In order 

to obtain optimal performance, for both algorithms, mu is set to 1, which is a relatively 

large value, and mu-dec and mu-inc are set to 0.4 and 1.5, respectively.  

The final network architecture consists of three layer feedforward 

backpropagation neural network in both training methods. For both methods, the network 

is trained until the minimum squared error (mean squared error or sum of squared error) 

is achieved.  
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Table 4.1: Inputs, targets and their ranges for modeling of the γ’ precipitate size [110] 

Nr. Input parameters Ranges 

1 Nickel content (wt %) 43-76.04 

2 Chromium content (wt %) 10-19.5 

3 Aluminum content (wt %) 1.1-5 

4 Titanium content (wt %) 1-5.1 

5 Cobalt content (wt %) 0.05-20 

6 Carbon content (wt %) 0-0.13 

7 Molybdenum content (wt %) 0-5 

8 Silicon content (wt %) 0-1 

9 Iron content (wt %) 0-35.61 

10 Solutionizing temperature (
ο
C) 1000-1200 

11 Solutionizing time (hr) 2-20 

12 Ageing temperature (
ο
C) 670-1000 

13 Ageing time (hr) 0.16-3360 

 1 Target , T ( γ' size, nm) 2.5-873 

                                                          

 

In order to determine the optimum structure for both Trainlm and Trainbr 

methods, the rate of error convergence is evaluated by changing the number of 

hidden neurons from 7 to 51. For each number of hidden neurons, the training is 

run for approximately 1000 epochs and took approximately 1 minute for the 

Trainlm method and 2 to 3 minutes for the Trainbr method. After trial and error, 

the optimal architecture for the Trainlm method is 13-13-1 obtained in only 36 

epochs, whereas the optimal architecture for the Trainbr method is 13-17-1 after 

158 epochs. The entire process took approximately one hour for the Trainlm 

method and 2-3 hours for the Trainbr method. 

Figure 4.1 shows the mean squared error vs. the number of epochs for training, 

validation and testing subsets for the Trainlm method. Initially, the mean squared error 

for all training, validation and testing subsets decreases and then becomes constant and 

the training stops at 36 epochs. It can be seen from Figure 4.1 that the testing curve also 
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follows the same pattern, which indicates that the network architectures converge and 

stabilize well. All three curves follow the same pattern indicating that no over-fitting 

occurred and the network is properly trained. 

 

 

             Figure 4.1: Mean squared error vs. epoch for the Trainlm method. 

 

Similarly, Figure 4.2 shows the response of the network throughout its 

development using the Trainbr method. The uppermost plot in Figure 4.2 shows that the 

sum of squared error for the training subset drops rapidly as the network is trained. The 

final values of the sum of squared errors at 158 epochs are indicated in Figure 4.2. 

Moreover, when validation and testing subsets are used, the sum of squared errors vs. the 

number of training epochs follows a similar trend as that of the training subset. This 

indicates that no over-fitting occurred and the network is properly trained. The middle 
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plot of Figure 4.2 shows that the squared weight at 158 epochs is 181.811. The bottom 

plot in Figure 4.2 shows that the effective number of parameters has reached a steady 

state of 49.6989 beyond 158 epochs, another indication that the network size is 

appropriate and the network is well trained. 

 

 

Figure 4.2: Network response during training for the Trainbr method. 

 

The linear regression analysis is also performed for the γ’ precipitates size 

modeling that yields a slope m = 0.99; a y-axis intercept b = 1.5 and a correlation 

coefficient R = 0.99542 for the Trainlm method and m = 0.98; b = 2.9 and R = 0.9939 for 

the Trainbr method. For both models, these parameters are very close to being ideal (m = 

1; b = 0; R = 1) and indicate a good fit. The best linear regression fits are shown in 

Figures 4.3 and 4.4 by solid lines for both Trainlm and Trainbr methods respectively.  
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Figure 4.3: Linear regression analysis of the neural network obtained by Trainlm. 

 

  
Figure 4.4: Linear regression analysis of the neural network obtained by Trainbr. 

 

The theoretical one-to-one correspondence lines between the network outputs and 

targets are shown as dashed lines. Both the solid line and the dashed line practically 
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overlap which indicate the high accuracy of the model and also show that the neural 

network is successful in learning the relationship between the input and the output 

variables. Targets and modeling results of the testing data subset obtained from the 

Trainlm and Trainbr methods as well as their corresponding % errors are summarized in 

Table 4.2.  

 

Table 4.2:  Gamma prime (γ’) precipitate size obtained from Trainlm and Trainbr training 

methods from the testing data subset and corresponding errors 

Nr. 

Target, 

T 

Trainlm output, 

Y1,  T-Y1 

 

Trainlm % 

Error, E1 

Trainbr 

output, Y2,  T-Y2 

  

Trainbr % 

Error,  E2 

1 4.3 0.05 4.25 98.79 2.96 1.34 31.18 

2 10.5 14.92 -4.42 42.14 12.37 -1.87 17.84 

3 23.5 15.09 8.41 35.80 93.37 -69.87 297.33 

4 12.25 10.85 1.40 11.40 9.02 3.23 26.40 

5 20.3 22.25 -1.95 9.60 20.90 -0.60 2.97 

6 32.2 35.85 -3.65 11.33 37.55 -5.35 16.62 

7 54.1 46.98 7.12 13.16 51.85 2.25 4.16 

8 48 43.69 4.31 8.99 43.54 4.46 9.29 

9 138 144.23 -6.23 4.51 135.16 2.84 2.06 

10 10 10.56 -0.56 5.56 11.82 -1.82 18.15 

11 23 14.08 8.92 38.77 14.90 8.10 35.24 

12 48.7 47.55 1.15 2.35 46.65 2.05 4.21 

13 98.7 87.32 11.38 11.53 90.80 7.90 8.00 

14 108 108.59 -0.59 0.55 111.84 -3.84 3.55 

15 142.6 144.63 -2.03 1.42 137.45 5.15 3.61 

16 192.7 211.45 -18.75 9.73 208.39 -15.69 8.14 

17 35 31.30 3.70 10.58 28.30 6.70 19.15 

18 110 103.12 6.88 6.25 101.30 8.70 7.91 

19 155 155.10 -0.10 0.07 153.98 1.02 0.66 

20 202 184.06 17.94 8.88 187.61 14.39 7.12 

21 294 261.59 32.41 11.02 267.77 26.23 8.92 

22 30.6 32.09 -1.49 4.88 34.07 -3.47 11.33 

23 63 67.25 -4.25 6.75 66.54 -3.54 5.62 

24 118 123.44 -5.44 4.61 120.59 -2.59 2.19 

25 223 214.24 8.76 3.93 230.84 -7.84 3.52 

26 19 13.63 5.37 28.27 14.12 4.88 25.71 

27 17 19.08 -2.08 12.26 17.85 -0.85 5.03 

28 42 42.18 -0.18 0.42 39.88 2.12 5.06 
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29 61 81.91 -20.91 34.28 81.59 -20.59 33.76 

30 161 122.49 38.51 23.92 123.40 37.60 23.35 

31 219 209.48 9.52 4.35 206.06 12.94 5.91 

32 8.8 28.50 -19.70 223.85 31.34 -22.54 256.19 

33 57 41.73 15.27 26.79 42.57 14.43 25.31 

34 275 295.33 -20.33 7.39 300.10 -25.10 9.13 

35 13.6 35.92 -22.32 164.13 35.87 -22.27 163.77 

36 47.8 47.00 0.80 1.67 45.32 2.48 5.20 

37 149 134.54 14.46 9.70 135.38 13.62 9.14 

38 55 116.47 -61.47 111.77 113.62 -58.62 106.59 

39 227 190.32 36.68 16.16 171.29 55.71 24.54 

40 450 503.80 -53.80 11.96 499.38 -49.38 10.97 

41 20 13.46 6.54 32.72 12.79 7.21 36.04 

42 50 65.46 -15.46 30.91 66.40 -16.40 32.81 

43 139 144.66 -5.66 4.08 147.43 -8.43 6.06 

44 38 48.68 -10.68 28.11 50.94 -12.94 34.05 

45 81 75.65 5.35 6.60 75.14 5.86 7.23 

46 232 242.94 -10.94 4.72 249.25 -17.25 7.43 

47 439 460.63 -21.63 4.93 476.64 -37.64 8.58 

48 86 97.69 -11.69 13.59 107.37 -21.37 24.85 

49 249 216.31 32.69 13.13 202.95 46.05 18.49 

50 582 595.17 -13.17 2.26 610.21 -28.21 4.85 

51 873 856.72 16.28 1.87 870.80 2.20 0.25 
% Error, E = abs ((T-Y/T) x100) 

 

It is clear from Table 4.2 that although based on quite different performance error 

functions, both methods seem to give similar results with the Trainlm training method 

yielded slightly better results than the Trainbr method. However, the main advantage of 

the Trainbr method is that it has an effective number of parameters (weights and biases) 

which remains approximately the same irrespective of the total number of parameters in 

the network until a sufficient number of iterations is achieved. By contrast, training by 

the Trainlm method is relatively simple and fast. Table 4.3 provides a summary of the 

network architecture, development, and results obtained from modeling by both methods.  
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Table 4.3: Training parameters used and results obtained from modeling of the γ’ precipitate size 

Network Parameters Trainlm Trainbr 

 Input layer neurons 13 13 

 Hidden layer neurons 13 17 

Network architecture Output layer neurons 

Input-hidden layer transfer function 

1 

Tansig                          

1 

Tansig 

 Hidden-output layer transfer function Linear Linear 

 

Training function 

Mu 

Trainlm 

1 

Trainbr 

1 

 Mu-Dec 0.4 0.4 

 Mu-Inc 1.5 1.5 

Network development Min-Grad 1.00x10
-10

 1.00x10
-10

 

 Epochs 36 158 

 Goal 0 0 

Network results Slope m 0.99 0.98 

(Linear regression) y-Intercept b 1.5 2.9 

 
Correlation coefficient R 0.99542 0.9939 

 

For both Trainlm and Trainbr models, the network architectures converge 

and stabilize well because of the batch mode of training and the small number of 

data points that allows both Trainlm and Trainbr methods to perform well and 

predict the outputs efficiently [69,71]. Moreover, both Trainlm and Trainbr 

methods seem to give similar results with only a slight advantage for Trainlm 

method as can be seen from all the results presented. Therefore, the preference of 

the Trainlm method over the Trainbr method in this work is primarily made based 

on computational time needed to optimize the model since the entire process took 

approximately one hour for the Trainlm method and 2-3 hours for the Trainbr 

method as mentioned previously. The same reasoning applies to the preference of 

the Trainlm method over the Trainbr method for all subsequent models since 



 78 

respective available data sets were even smaller than that of the γ’ precipitate size 

modeling, making the basis for training method selection identical. 

 

4.1.2 γ’ precipitates size as a function of ageing methods 

       In order to highlight the importance of various ageing methods, the neural network 

modeling is applied on the turbine blade material (IN738LC) to predict the γ’ precipitate 

size. A new model containing 10 variables including solutionizing temperature, 

solutionizing duration, quenching methods, ageing temperature, ageing duration, and 

cooling methods, is created for IN738LC material. Radiation furnace and induction 

heating are considered for ageing investigation. Induction heating is characterized by 

electromagnetic forces that intensify the nucleation and growth of γ’ precipitates and is 

known to accelerate the ageing process. The data used for this study, taken from 

literature, are given in Table 4.4 [10,20,115-117]. 

 

Table 4.4: Inputs, targets, and their ranges for modeling the effect of ageing methods on the γ’ 

precipitate size [10,20,115-117].  

Nr. Input parameters Ranges 

1 Ageing temperature (°C) 650-1200 

2 Ageing duration (min) 10-1440 

3 Furnace cooling (FC) 0 or 1 

4 Water quenching (WQ) 0 or 1 

5 Induction ageing 0 or 1 

6 Salt bath ageing 0 or 1 

7 Solutionizing temperature (
ο
C) 1125-1250 

8 Solutionizing duration (min) 120-240 

9 Accelerated air cooling (ACC) 0 or 1 

10 Oil quenching (OQ) 0 or 1 

1 Target, T (γ' size, nm) 115-686 

Note that for the different heat treatments, 0 means not used and 1 means used. 
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Figure 4.5 shows modeling results (curves) and measurement data points for the 

γ’ precipitate size following induction ageing as a function of ageing time (duration) for 

two different ageing temperatures, 750
ο
C and 850

ο
C [118]. A very good match and 

correlation can be seen. Moreover, it can also be seen from Figure 4.5 that for a given 

ageing duration, the size of γ’ precipitates is larger for 850
ο
C than that of 750

ο
C. This 

illustrates the large impact of temperature on diffusion rate, phase transformation, and 

consequently, γ’ precipitate size. The increase in temperature from 750
ο
C to 850

ο
C 

accelerates the diffusion process and ultimately results in a substantial increase in the γ’ 

precipitate size. 

Modeling results for γ’ precipitates sizes following ageing using either induction 

or radiation furnace heating are plotted together with the measurement data points in 

Figure 4.6 [118]. In this Figure, the ageing time for induction ageing is 15 minutes while 

the ageing time for furnace ageing is 24 hours. The faster increase in γ’ precipitate size 

for induction ageing as compared to normal ageing can be clearly seen. The 

electromagnetic force during induction heating raises the effective driving force for the 

nucleation and growth of γ’ precipitates remarkably [115]. 

The γ’ precipitate structure can be directly related to high temperature properties 

of turbine materials. Therefore, modeling of the γ’ precipitates size can be very useful for 

estimating the service life in addition to predicting the microstructure of turbine 

components. 
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Figure 4.5: γ’ precipitate size vs. ageing time at 750
ο
C and 850

ο
C. Neural network results 

(curves) and measurement data points are plotted. 

 

 

Figure 4.6: γ’ precipitate size vs. ageing temperature for normal (ageing duration: 24 hrs) and 

induction ageing (ageing duration: 15 minutes). Modeling results and measurement data points 

are plotted [118]. 
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4.2 Thermal expansion coefficient 

As explained in section 2.1.2, the thermal expansion is one of the most important 

design factors for turbine blades and other hot turbine components because the magnitude 

of thermal stresses can potentially initiate plastic deformation and cracks. Previous 

research has attempted to measure the thermal expansion coefficient of Ni based 

superalloys using either standard dilatometer test method or X-ray diffraction technique 

[4,6]. An equation to determine the thermal expansion coefficient of Ni based superalloys 

has also been derived based on either regression analysis or a simple algorithm using 

features of the binding energy curve [3,7,8]. These approaches are limited to low 

temperatures and provides only a rough estimate for higher temperatures. Therefore, new 

computational approaches need to be developed that are fast, easy, and allow measuring 

the thermal expansion coefficient at any temperature. The neural network has been 

previously employed in the mechanical and physical properties determination [77-88]. 

No attempt has been made to model the thermal expansion coefficient of γ’ precipitate 

strengthened Ni based superalloys using neural networks. Therefore, it is crucial to study 

the relationship between the operating temperature, chemical composition, heat 

treatment, and thermal expansion coefficient of turbine components interacting with each 

other. For this purpose, a neural network model is developed to predict the thermal 

expansion coefficient of γ’ precipitate strengthened Ni based superalloys. The chemical 

compositions of the materials used in the modeling are summarized in Table 3.1 [11, 

109,111]. They are materials often used in discs and blades which are amongst the most 

critical components of turbine engines.  
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 To model the thermal expansion coefficient, temperature, chemical composition 

including Ni, Cr, Co, Mo, W, Ta, Nb, Al, Ti, B, Zr, C contents and heat treatment 

including solution and ageing parameters are taken from literature as the input variables. 

Thermal expansion coefficient values from literature for each corresponding inputs are 

used as targets. Inputs, targets and their ranges are given in Table 4.5 [4,11,109,111].  

 

Table 4.5: Inputs, targets, and their ranges [4,11,109,111] for modeling of the thermal expansion 

coefficient 

  Nr. Input Parameters Ranges   

 1 Temperature (
ο
C) 204.50-982.23  

 2 Solution temperature (
ο
C) 1079.45-1200  

 3 Solution time (hr) 1.5-4.0  

 4 Chilled water quenching  (CWQ) 0 or 1  

 5 Air cooling (ACs) 0 or 1  

 6 Primary ageing temperature (
ο
C) 0-1140  

 7 Primary ageing time (hr) 0-24  

 8 Water quenching (WQ) 0 or 1  

 9 Air cooling (ACa) 0 or 1  

 10 Furnace cooling (FC) 0 or 1  

 11 Nickel content (wt %) 48-73  

 12 Chromium content (wt %) 9.0-19.5  

 13 Cobalt content (wt %) 0-18  

 14 Molybdenum content (wt %) 0-5.25  

 15 Tungsten content (wt %) 0-10  

 16 Tantalum content (wt %) 0-1.75  

 17 Niobium content (wt %) 0-1  

 18 Aluminum content (wt %) 0.7-6.0  

 19 Titanium content (wt %) 0.6-4.7  

 20 Boron content (wt %) 0-0.03  

 21 Zirconium content (wt %) 0-0.1  

 22 Carbon content (wt %) 0.04-0.15  

  1 Target, T (α , 10
-6

/
ο
C) 12.57-17.46   

ACs and ACa refer to air cooling during solutionizing and ageing heat treatment respectively. 
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   A total of 50 data points is used for modeling of the thermal expansion 

coefficient. In order to avoid over-fitting, the total data set is randomly divided into three 

subsets; a training subset (50% of the total data set), a validation subset (25% of the total 

data set), and a test subset (25% of the total data set). Other detailed information of 

materials, including test temperature, heat treatment, and measured target values of the 

thermal expansion coefficient covered in this study, are given in Appendix A, Table A2.  

The Levenberg-Marquadt training method is used for modeling of the thermal 

expansion coefficient. After training, the final network architecture consists of a three 

layered feedforward backpropagation neural network with one input layer, one hidden 

layer, and one output layer. After a number of trials, the most suitable architecture 

obtained is 22-25-1; this means 22 neurons in the input layer, 25 neurons in the hidden 

layer, and 1 neuron in the output layer.  

Figure 4.7 shows curves for the convergence characteristics including training, 

validation and testing data subsets. The performance is 1.43335x10
-6 

which is very small. 

Figure 4.8 shows the mean squared error vs. epoch curves for training, validation, and 

testing data subsets, respectively. Initially, the mean squared errors for both training and 

validation subsets decrease and then become constant and the training stops at 8 epochs 

or iterations. It can be seen from Figure 4.8 that the testing curve also follows the same 

pattern, which indicates that no over-fitting occurred and the network is properly trained. 

The values obtained from the modeling of the thermal expansion coefficient (output of 

the network), the corresponding target values from literature and their corresponding % 

errors for testing data subset are summarized in Table 4.6. It can be seen that there is a 
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good correlation between the output (Y) and the target (T) values and the percentage 

errors are small.  

 

 

Figure 4.7: Convergence characteristics of the network for the thermal expansion coefficient 

modeling.  

 

       

Figure 4.8: Mean squared error vs. epoch for the thermal expansion coefficient modeling. 
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Table 4.6: Inputs, targets, and corresponding % errors obtained from testing data subset for the 

thermal expansion coefficient modeling  

Nr. Target, T Output, Y T-Y % Error, E   

1 13.220 13.162 0.058 0.439  

2 13.260 13.329 -0.069 0.519  

3 13.400 13.415 -0.015 0.112  

4 12.840 12.837 0.003 0.023  

5 18.300 18.058 0.242 1.322  

6 14.400 14.234 0.166 1.153  

7 13.500 11.617 1.883 13.948  

8 13.900 14.559 -0.659 4.741  

9 14.000 13.753 0.247 1.764  

10 14.000 14.287 -0.287 2.050  

11 16.000 15.927 0.073 0.456  

12 16.760 17.025 -0.265 1.581  

13 15.700 15.705 -0.005 0.032   

 

% Error, E = abs ((T-Y/T) x100) 

    

 

The linear regression analysis is also performed and the parameters obtained from 

the presented model are m = 1.03; b = -0.393 and R = 0.966. Those parameters are very 

close to ideal values (m = 1; b = 0; R = 1) and indicate a good fit. The best linear 

regression fit for the investigated data set is shown in Figure 4.9 by the solid line. The 

theoretical one-to-one correspondence line between the network outputs and the targets is 

shown as a dashed line. Both lines practically overlap, which indicates the high accuracy 

of the model. The training parameters used and results obtained from the modeling are 

summarized in Table 4.7. 
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Figure 4.9: Linear regression analysis for the thermal expansion coefficient modeling. 

 

Table 4.7: Training parameters used and results obtained from the thermal expansion coefficient 

modeling 

Network Parameters Value 

 Input layer neurons 22 

 Hidden layer neurons 25 

Network architecture Output layer neurons 

Input-hidden layer transfer function 

1 

Tansig 

 Hidden-output layer transfer function Linear 

 

Training function 

Mu 

Trainlm 

1 

 Mu-Dec 0.4 

 Mu-Inc 1.4 

Network development Min-Grad 1.00x10
-10

 

 Epochs 8 

 Goal 0 

Network results Slope m 1.03 

(Linear regression) y-Intercept b -0.393 

 
Correlation coefficient R 0.966 
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The proposed network is able to model the thermal expansion coefficient of 

different Ni based superalloys. There is a good match between measurement data and 

modeling results. The model develops and converges very well because the number of 

data points available for modeling is small, which allowed the Levenberg-Marquadt 

algorithm to perform well and to predict the outputs efficiently [69]. This excellent 

modeling result opens new avenues and demonstrates the potential of the neural network 

to become a key design tool for assessing the behaviour of critical high temperature 

components. Due to existing direct correlations between the thermal expansion 

coefficient, thermal stresses, microstructure, and heat treatment of γ’ precipitated Ni 

based superalloys, the modeled thermal expansion coefficients can potentially be used to 

predict thermal stresses between the base materials and coatings as well as between 

neighbouring turbine components for given operating temperature profiles. The modeled 

stresses can then further be used as input to assess component deformation, damage, and 

failure. In fact, coating, substrate components, and their neighbouring components often 

differ in chemical composition, microstructure, thermal expansion, Young’s modulus, 

yield strength, creep behaviour, fatigue life, and other physical and mechanical properties 

[119]. This mismatch of properties may cause stresses at interfaces between the substrate 

and the coating as well as between the substrate and its neighbouring components, and 

the resulting residual strains and stresses can overlap with the workload of the component 

which can promote coating cracking and spallation as well as plastic deformation, 

accelerated corrosion, cracking, and ultimately failure of the main substrate component 

[119-122]. Following this philosophy, G. Parthasarathy et al. applied the neural network 

to predict the temperature at several critical locations of a Honeywell turbo-machinery 
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component using rotational speed, related gas temperature, and gas flow near the 

component as inputs. They suggested that the same neural network approach can also be 

used for the computation of thermal stress at a critical component location [123]. Also, U. 

Hermosilla et al. developed a constitutive model to estimate the Young’s modulus, creep 

behaviour, and the coefficient of thermal expansion and then incorporated their 

simulation into a material model within a finite element analysis of the stress 

development within the coated system [124]. Furthermore, E.P. Busso et al. proposed a 

novel mechanism-based life approach to predict the life of thermal barrier coating (TBC) 

systems based on a combination of TBC’s morphological characteristics, accumulated 

TBC damage, and numerically predicted local TBC stresses responsible for the initiation 

of such damage [125]. Also, following physics based life prediction methodology, P. 

Busso et al. investigated local stresses responsible for crack formation and growth within 

a thermal barrier coating of turbine components and predicted the lifetime of the coating 

system using the modeled stresses. The approach was based on thermal stresses, material 

properties of the individual components, morphological properties of the material 

microstructure, and its damage behaviour prior to coating failure, etc. [126]. 

 

4.3 Fatigue life 

The combination of complex thermal and mechanical service conditions in 

aggressive environments facilitates crack initiation, followed by crack propagation, and 

final fracture. The fatigue life is the sum of crack initiation life and crack propagation life. 

Several fatigue life prediction methods have been developed to predict fatigue life [26-

31]. Various neural network models to predict fatigue crack growth rate, fatigue life, and 
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fatigue properties of Ni based superalloys are available in the literature [91-104]. 

However, very little has been done so far to combine both fracture mechanics and neural 

network approaches for a comprehensive prediction of the fatigue lives of turbine disc 

materials. Therefore, in this section, fracture mechanics and neural network approaches 

have been explored to predict the fatigue lives of turbine disc alloys. These two 

approaches are explained as follows. 

 

4.3.1 Fracture mechanics approach for fatigue life prediction 

Ni based superalloys used for aerospace engines and other turbine components are 

subjected to severe fatigue and creep loading conditions that promote unstable 

propagation of cracks. Once cracks reach a critical size, catastrophic fracture occurs. Due 

to the lack of literature data for critical crack lengths, the critical crack lengths of Ni 

based superalloys for different load levels are first determined using fracture mechanics 

principles and then used to estimate the corresponding fatigue lives.   

 

4.3.1.1 Critical crack size determination 

The materials investigated are IN100, Waspaloy, Rene 95, Merl 76, Astroloy, and 

HIP Astroloy which are used for making turbine discs. Individual material’s 

compositions, grain sizes, and γ’ volume fraction levels vary from alloy to alloy.  

In order to predict the component life using fracture mechanics, both initial and 

critical crack lengths are required. The critical crack length (cf) can be estimated using 

equation (17) (see section 3.3.1.1). For most Ni based superalloys, the fracture toughness, 

KIC, is about 100 MPa.m
1/2

 [1] and for a semicircular edge crack, Y = 0.67 [1] is 
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assumed. The experimental literature data used are given in Table 4.8 which includes the 

stress range (), mean stress (m), strain ratio, and total strain. The maximum and the 

alternating stress or stress amplitude (σa) are determined by using equation (18) and 

equation (19) respectively. The calculated critical crack length (cf), alternating stress σa, 

and maximum stress σc are also given in Table 4.8.  

 

4.3.1.2 Crack propagation life determination 

The Paris equation (6) is used for the crack propagation life prediction (see 

sections 2.3.1.3 and 3.3.1.2). The value of A for turbine disc alloys is taken as 4.00x10
-12

 

[1]; the crack initiation size c0 is assumed to be 2.50x10
-4

 meter [112]; m is known to be 

between 3 to 4 for superalloys [1]; therefore, a value of 3.71 is used and proved to yield 

minimum errors. Substituting these values in equation (6), the estimated life is given in 

Table 4.9 for the corresponding data sets in Table 4.8. Once the crack propagation life is 

predicted using fracture mechanics concepts, the crack initiation life is added to the crack 

propagation life to get the total fatigue life of turbine disc alloys. The crack initiation life, 

propagation life, and total calculated fatigue life are given in Table 4.9. 

As can be seen from Table 4.9, errors between the experimental life and the 

predicted life are small. This confirms that the Paris equation can be successfully used for 

life prediction of turbine disc alloys.  
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Table 4.8: Experimental fatigue data [112] and corresponding σa, σc and cf values 

Nr. 

Strain 

ratio, 

R 

Total 

strain, Δεt 

(mm/mm) 

Mean 

stress, σm 

(MPa) 

Stress 

range, ∆σ 

(MPa) 

Alternating 

stress, σa 

(MPa) 

Maximum 

stress, σc 

(MPa) 

Critical crack 

length, cf (mm) 

1 -1 0.0147 -2 2377 1188.5 1186.5 6.09 

2 -1 0.0101 -36 1791 895.5 859.5 11.6 

3 0 0.009 -80 1600 800 720 16.6 

4 0 0.0144 -74 2321 1160.5 1086.5 7.27 

5 0 0.0124 161 2011 1005.5 1166.5 6.31 

6 0 0.0099 286 1660 830 1116 6.89 

7 0 0.0087 339 1496 748 1087 7.26 

8 0 0.0147 -6 1742 871 865 11.5 

9 0 0.0123 40 1696 848 888 10.9 

10 0 0.0099 86 1594 797 883 11 

11 0 0.0079 229 1393 696.5 925.5 10 

12 0 0.0066 284 1157 578.5 862.5 11.5 

13 0 0.0092 170 1476 738 908 10.4 

14 -1 0.015 -37 2299 1149.5 1112.5 6.93 

15 -1 0.0126 -60 2106 1053 993 8.7 

16 -1 0.0116 -23 1951 975.5 952.5 9.46 

17 -1 0.0108 -33 1904 952 919 10.2 

18 -1 0.01 5 1730 865 870 11.3 

19 -1 0.0199 -31 2707 1353.5 1322.5 4.91 

20 0 0.0124 146 2046 1023 1169 6.28 

21 0 0.01 347 1709 854.5 1201.5 5.94 

21 0 0.009 367 1526 763 1130 6.72 

23 -1 0.0184 -45 2634 1317 1272 5.3 

24 -1 0.0151 -30 2342 1171 1141 6.59 

25 -1 0.0119 -60 1995 997.5 937.5 9.76 

26 -1 0.0109 -15 1798 899 884 11 

27 -1 0.0091 25 1542 771 796 13.5 

28 0 0.0117 194 1948 974 1168 6.29 

29 -1 0.015 -41 2222 1111 1070 7.49 

30 -1 0.0125 -37 2050 1025 988 8.79 

31 -1 0.01 -57 1818 909 852 11.8 

32 -1 0.01 -23 1787 893.5 870.5 11.3 

33 -1 0.0085 -62 1539 769.5 707.5 17.1 

34 -1 0.0085 -28 1575 787.5 759.5 14.9 

35 -1 0.0072 0 1356 678 678 18.7 

36 -1 0.0142 -56 1920 960 904 10.5 

37 -1 0.01 -12 1674 837 825 12.6 

38 -1 0.01 -19 1660 830 811 13 

39 -1 0.0081 -12 1478 739 727 16.2 

40 -1 0.0081 0 1466 733 733 16 
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 Table 4.9: Crack initiation life (NI), experimental crack propagation life (NPexp), calculated crack 

propagation life (NPcal), total experimental life (NFexp), total fracture mechanics fatigue life (NFM), 

and % errors [112] 

Nr. NI NPexp NPcal NFexp NFM = NI +NPcal  % Error, E 

1 358 54 51.8 412 409.8 0.53 

2 4968 480 152 5448 5120 6.02 

3 52961 402 234 53363 53195 0.31 

4 450 19 57.2 469 507.2 8.14 

5 905 45 96.5 950 1001.5 5.42 

6 2989 145 198 3134 3187 1.69 

7 6041 301 292 6342 6333 0.14 

8 753 75 169 828 922 11.35 

9 1021 107 186 1128 1207 7.00 

10 2733 292 234 3025 2967 1.92 

11 14175 1750 385 15926 14560 8.58 

12 60533 1930 771 62462 61304 1.85 

13 4012 387 311 4399 4323 1.73 

14 540 55 59.1 595 599.1 0.69 

15 1387 103 82.7 1490 1469.7 1.36 

16 4617 224 110 4841 4727 2.35 

17 19042 1460 121 20502 19163 6.53 

18 29302 2430 173 31729 29475 7.10 

19 154 33 31.5 187 185.5 0.80 

20 1059 20 90.5 1079 1149.5 6.53 

21 3539 462 176 4001 3715 7.15 

22 45885 594 270 46479 46155 0.70 

23 240 31 35.1 271 275.1 1.51 

24 701 17 55 718 756 5.29 

25 1827 164 102 1991 1929 3.11 

26 6764 323 150 7087 6914 2.44 

27 120817 3510 267 124323 121084 2.61 

28 1567 147 109 1714 1676 2.22 

29 365 35 67.3 400 432.3 8.08 

30 839 24 91.4 863 930.4 7.81 

31 2214 553 144 2767 2358 14.78 

32 1490 381 154 1871 1644 12.13 

33 8979 371 271 9350 9250 1.07 

34 6787 1050 247 7840 7034 10.28 

35 226342 478 434 226820 226776 0.02 

36 850 111 117 961 967 0.62 

37 3800 225 196 4025 3996 0.72 

38 2900 221 203 3121 3103 0.58 

39 5110 3390 314 8498 5424 36.17 

40 8176 725 323 8901 8499 4.52 

      % Error, E = abs ((NFexp - NFM / NFexp) x100) 
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4.3.2 Neural network approach for fatigue life prediction 

Here, the neural network is explored as an alternative to fracture mechanics for 

the fatigue life prediction. The common variables such as fatigue parameters (plastic 

strain range, strain ratio, and stress range), mechanical properties (ultimate strength, yield 

strength, and reduction in area), chemical compositions (Ni, Cr, Co, Mo, Al, Ti and C), 

and microstructural properties (grain size and volume fraction of γ’ precipitates) are used 

as inputs. The selected inputs and targets and their ranges are given in Table 4.10. A total 

of 40 data points is used for modeling of the fatigue life. In order to avoid over-fitting, 

the total data set is randomly divided into three subsets; a training subset (50% of the 

total data set), a validation subset (25% of the total data set), and a testing subset (25% of 

the total data set). 

 

Table 4.10: Inputs, targets, and their ranges [112] for modeling of the fatigue life  

  Nr. Input Parameters Ranges   

 1 Total strain, Δεt (mm/mm) 0.0066-0.0199  

 2 Strain ratio, R -1 or 0  

 3 Stress range, ∆σ (MPa) 1157-2707  

 4 Grain size, d (µm) 6-150  

 5 Volume fraction of γ’, Vf (%) 20-62  

 6 Ultimate strength,  σUTS (MPa) 1234-1440  

 7 Yield strength, σy (MPa) 881-1122  

 8 Reduction in Area, RA (%) 14.2-37.0  

 9 Nickel content (wt %) 54.84-69.22  

 10 Chromium content (wt %) 12.0-19.3  

 11 Cobalt content (wt %) 8.1-18.4  

 12 Molybdenum content (wt %) 3.1-5.2  

 13 Aluminum content (wt %) 1.3-5.1  

 14 Titanium content (wt %) 2.6-4.5  

 15 Carbon content (wt %) 0.023-0.09  

  1 Target, NFexp  (cycle) 187-226820   
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The Levenberg-Marquadt training method is used for predicting the fatigue life. 

After a number of trials, the most suitable architecture obtained is 15-15-1; this means 15 

neurons in the input layer, 15 neurons in the hidden layer and one neuron in the output 

layer. The performance is 3.51189 that is far from the goal value of zero. Figure 4.10 

shows the mean squared error vs. the number of epochs for training, validation, and 

testing subsets. Initially, the mean squared errors for training, validation, and testing 

subsets decrease and then become constant and the training stops at 14 epochs. It can also 

be seen from Figure 4.10 that the testing curve follows a pattern that is somewhat 

different from training and validation subsets, which indicate that the network 

architecture is relatively less satisfactory with respect to stability.  

 

 

            Figure 4.10: Mean squared error vs. epoch for modeling of the fatigue life. 
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The output obtained from modeling of the fatigue life, the target values and their 

corresponding % errors for the testing subset are summarized in Table 4.11. It can be 

seen that there is a big difference between the outputs (Y) and the targets (T) and the 

percentage errors are large due to the lack of correlation between corresponding inputs 

and targets.  

 

Table 4.11: Inputs, targets, and corresponding % errors obtained from testing data subsets for 

modeling of the fatigue life 

Nr. Target, T Output, Y T-Y % Error, E 

1 5448 49417.74 -43969.74 807.08 

2 3134 27375.23 -24241.23 773.49 

3 3025 -35929.50 38954.51 1242.75 

4 595 -1912.30 2507.30 421.39 

5 31729 14851.73 16877.27 53.19 

6 46479 12579.27 33899.73 72.94 

7 7087 49095.06 -42008.06 592.75 

8 863 9982.36 -9119.36 1056.70 

9 7840 82987.68 -75147.68 958.52 

10 3121 9487.04 -6366.04 203.97 
                                    % Error, E = abs ((T-Y/T) x100) 

 

The parameters obtained from the linear regression analysis are m = 0.8; b = 

1.1x10
4
 and R = 0.84802. The solid line in Figure 4.11 represents the best linear fit. The 

theoretical one-to-one correspondence line between the network outputs and the targets is 

shown as a dashed line. Overall, it can be seen that although accurate in predicting 

systemic trends, the neural network seems unable to replicate the strong statistical 

variations and quasi-unpredictability common in the fatigue life. Still, the model's 

convergence is satisfactory and the linear regression line matches data points relatively 
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well as can be seen in Figure 4.11. The training parameters used and results obtained 

from modeling are summarized in Table 4.12. 

 

 

Figure 4.11: Linear regression analysis for modeling of the fatigue life. 

 

Table 4.12: Training parameters used and results obtained from modeling of the fatigue life 

Network Parameters Value 

 Input layer neurons 15 

 Hidden layer neurons 15 

Network architecture Output layer neurons 

Input-hidden layer transfer function 

1 

Tansig 

 Hidden-output layer transfer function Linear 

 

Training function 

Mu 

Trainlm 

0.99 

 Mu-Dec 0.3 

 Mu-Inc 1.5 

Network development Min-Grad 1.00x10
-10

 

 Epochs 14 

 Goal 0 

Network results Slope m 0.8 

(Linear regression) y-Intercept b 1.1x10
4
 

 
Correlation coefficient R 0.84802 
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4.4 Hysteresis energy  

During a fatigue cycle, a hysteresis loop develops between the stress and strain 

and the material absorbs a certain amount of energy (∆W) called hysteresis energy. 

Fatigue fracture occurs after the material has accumulated a critical amount of energy 

over a given number of cycles called its service life. The hysteresis energy can be used 

for total fatigue damage prediction. Several experimental studies and models have also 

been used to determine the hysteresis energy of materials [26-29]. However, the neural 

network is yet to be investigated in this field. Therefore, this section focuses on 

predicting the hysteresis energies of Ni based superalloys. Two different methods are 

used; the hysteresis area loop equation and the neural network approach. Both methods 

for hysteresis energy prediction are explained in following sections. 

 

4.4.1 Hysteresis energy determination using the area equation 

The hysteresis loop area equation (1) is used for estimating the hysteresis energy. 

The same materials used for fracture mechanics crack propagation life assessment as 

presented in section 4.3.1 and Table 3.1 are also considered here. Table 4.13 gives the 

literature experimental values for investigated turbine disc alloys at 650
ο
C as well as 

corresponding hysteresis energies values determined from equation (1). The average 

value of n’ for a duplex γ’ precipitates Ni based superalloy is given in literature as 0.11 

[127] which is also used here. The values of the hysteresis energies are considered as 

targets for the neural network model development. 
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Table 4.13: Experimental data at 650
ο
C [112] and their corresponding hysteresis energies  

 

Nr. 

Plastic strain 

range, Δεp 

(mm/mm) 

Stress 

range, ∆σ 

(MPa) 

Strain 

hardening 

coefficient, n’ 

Hysteresis energy 

using area equ, 

∆WA  (kJ/m
3
) 

Hysteresis energy 

using neural network, 

∆WNN  (kJ/m
3
) 

1 0.0013 2377 0.11 2783.874 2785 

2 0.0001 1791 0.11 161.351 333 

3 0.0001 1600 0.11 144.144 148 

4 0.001 2321 0.11 2090.991 2088 

5 0.0003 2011 0.11 543.514 555 

6 0.0001 1660 0.11 149.550 174 

7 0.0001 1496 0.11 134.775 132 

8 0.0047 1742 0.11 7376.036 8847 

9 0.0026 1696 0.11 3972.613 3948 

10 0.001 1594 0.11 1436.036 1227 

11 0.002 1393 0.11 2509.910 2571 

12 0.0001 1157 0.11 104.234 153 

13 0.0004 1476 0.11 531.892 511 

14 0.0019 2299 0.11 3935.225 4289 

15 0.0007 2106 0.11 1328.108 1335 

16 0.0004 1951 0.11 703.063 711 

17 0.0002 1904 0.11 343.063 318 

18 0.0002 1730 0.11 311.712 368 

19 0.0042 2707 0.11 10242.703 10202 

20 0.0007 2046 0.11 1290.270 2102 

21 0.0001 1709 0.11 153.964 172 

22 0.0001 1526 0.11 137.477 -22 

23 0.0026 2634 0.11 6169.730 6183 

24 0.0006 2342 0.11 1265.946 1222 

25 0.0001 1995 0.11 179.730 176 

26 0.0001 1798 0.11 161.982 165 

27 0.0001 1679 0.11 151.261 163 

28 0.0002 1948 0.11 350.991 -135 

29 0.0026 2222 0.11 5204.685 5212 

30 0.0011 2050 0.11 2031.532 1894 

31 0.0002 1818 0.11 327.568 374 

32 0.0002 1787 0.11 321.982 363 

33 0.0001 1539 0.11 138.649 141 

34 0.0001 1575 0.11 141.892 152 

35 0.0001 1356 0.11 122.162 84 

36 0.0032 1920 0.11 5535.135 5823 

37 0.0004 1674 0.11 603.243 595 

38 0.0004 1660 0.11 598.198 590 

39 0.0001 1478 0.11 133.153 174 

40 0.0001 1466 0.11 132.072 171 
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4.4.2 Hysteresis energy determination using neural networks 

An artificial neural network is explored as an alternative to the hysteresis loop 

area equation. As the selection of inputs is very important for optimal network 

development, fatigue variables (plastic strain range, strain ratio, and stress range), 

mechanical properties (ultimate strength, yield strength, and reduction in area), chemical 

composition (Ni, Cr, Co, Mo, Al, Ti, and C), and microstructural properties (grain size 

and volume fraction of γ’ precipitates) are also taken as inputs for consistency with 

modeling of the fatigue life in section 4.3.2. The modeled hysteresis energy values are 

then used for accumulated damage determination in the following sections. The selected 

inputs and targets are given in Table 4.14. A total of 40 data points is used for modeling 

of the hysteresis energy. In order to avoid over-fitting, the total data set is randomly 

divided into three subsets; a training subset (50% of the total data set), a validation subset 

(25% of the total data set), and a testing subset (25% of the total data set). 

The feedforward Levenberg-Marquadt backpropagation algorithm is used for 

modeling of the hysteresis energy to iteratively update the weights and biases to 

minimize the mean squared error. After a number of trials, the most suitable architecture 

obtained is 15-19-1; this means 15 neurons in the input layer, 19 neurons in the hidden 

layer, and one neuron in the output layer. The performance is 2.2126x10
-13

 which is very 

small. Figure 4.12 shows the mean squared error vs. the number of epochs for training, 

validation, and testing subsets. Initially, the mean squared errors for training, validation, 

and testing subsets decrease and then become constant and the training stops at 9 epochs. 

It can be seen from this result that the testing curve also follows the same pattern, which 

indicates that the network architecture is satisfactory with respect to stability. All three 
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curves follow the same pattern indicating that no over-fitting occurred and the network is 

properly trained.  

 

Table 4.14: Inputs, targets, and their ranges [112] for modeling of the hysteresis energy 

Nr. Input Parameters Ranges 

1 Plastic strain range, Δεp (mm/mm) 0.0001-0.0042 

2 Strain ratio, R -1 or 0 

3 Stress range, ∆σ (MPa) 1157-2707 

4 Grain size, D (µm) 6-150 

5 Volume fraction, Vf (%) 20-62 

6 Ultimate strength,  σUTS (MPa) 1234-1440 

7 Yield strength, σy (MPa) 881-1122 

8 Reduction in area, RA (%) 14.2-37.0 

9 Nickel content (wt %) 54.84-69.22 

10 Chromium content (wt %) 12.0-19.3 

11 Cobalt content (wt %) 8.1-18.4 

12 Molybdenum content (wt %) 3.1-5.2 

13 Aluminum content (wt %) 1.3-5.1 

14 Titanium content (wt %) 2.6-4.5 

15 Carbon content (wt %) 0.023-0.09 

1 Target, ∆W  (kJ/m
3
) 104.23-7376.04 

 

The output obtained from the modeling of the hysteresis energy, the target values 

and their corresponding % errors for the testing subset are summarized in Table 4.15. It 

can be seen that there is a good correlation between the output (Y) and the target (T) 

values and the percentage error is small. As can be seen from Table 4.15, however, some 

of the errors are relatively large due to the lack of correlations between corresponding 

inputs and targets.  
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              Figure 4.12: Mean squared error vs. epoch for modeling of the hysteresis energy. 

 

Table 4.15: Inputs, targets, and corresponding % errors obtained from testing data subsets for 

modeling of the hysteresis energy  

Nr. Target, T Output, Y (T-Y) % Error, E 

1 161.25 333.42 -172.07 106.64 

2 149.55 173.66 -24.11 16.12 

3 1436.04 1226.93 209.11 14.56 

4 3935.29 4289.24 -353.95 8.99 

5 311.71 367.90 -56.19 18.03 

6 137.48 22.18 115.30 83.87 

7 161.78 165.48 -3.70 2.29 

8 2031.53 1893.86 137.67 6.78 

9 141.89 152.20 -10.31 7.27 

10 598.20 590.45 7.75 1.30 

                                      % Error, E = abs ((T-Y/T) x100) 

 

The parameters obtained from the linear regression analysis are m = 1; b = -16 

and R = 0.99416. Those parameters are close to being ideal (m = 1; b = 0; R = 1) and 
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indicate a good fit. The solid line in Figure 4.13 represents the best linear fit. The 

theoretical one-to-one correspondence line between the network outputs and the targets is 

shown as a dashed line. Both solid line and dashed line practically overlap, which 

indicate the high accuracy of the model and also shows that the neural network is 

successful in learning the relationship between the input and output variables. The 

training parameters used and results obtained from modeling are summarized in Table 

4.16. 

 

 
 

Figure 4.13: Linear regression analysis for modeling of the hysteresis energy. 

 

Neural network results indicate that the network architecture is satisfactory with 

respect to stability and a satisfactory agreement is observed between calculated and 

modeled values.  
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Table 4.16: Training parameters used and results obtained from modeling of the hysteresis energy 

Network Parameter Value 

 Input layer neurons 15 

 Hidden layer neurons 19 

Network architecture Output layer neurons 

Input-hidden layer transfer function 

1 

Tansig 

 Hidden-output layer transfer function Linear 

 

Training function 

Mu 

Trainlm 

0.99 

 Mu-Dec 0.3 

 Mu-Inc 1.5 

Network development Min-Grad 1.00x10
-10

 

 Epochs 9 

 Goal 0 

Network results Slope m 1 

(Linear regression) y-Intercept b -16 

 
Correlation coefficient R 0.99416 

 

4.5 Fatigue damage prediction 

As described in the previous section, materials absorb a certain amount of energy 

called hysteresis energy (∆W) in each fatigue cycle. Knowing both the hysteresis energy 

and the number of cycles to failure (NF) can allow assessing the approximate 

accumulated fatigue energy or damage (DF) of components according to equation (20) 

[113]. The two hysteresis energies, i.e. energy obtained from the hysteresis area loop 

equation (∆WA) and energy obtained from the neural network modeling (∆WNN) are 

multiplied by the number of cycles to failure. The fatigue lives obtained from the neural 

network modeling are not used in fatigue damage calculation as the neural network 

results for fatigue life are not as good as other models. Rather, the crack propagation life 

calculated using fracture mechanics is added to the experimental crack initiation life in 

order to obtain the total number of cycles to failure used in this model. Table 4.17 shows 
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the estimated fatigue damage absorbed by the materials during fatigue to failure 

according to equation (20).  

 

Table 4.17: Fatigue damage calculation using both hysteresis energies ∆WA and ∆WNN 

 

     % Error, E = abs ((DFA - DFNN/DFA) x100) 

Hysteresis energy Hysteresis enegy Fatigue life using Fatigue Damage Fatigue Damage

Nr. using area equ ∆WA using  NN, ∆WNN Fracture Mechanics, NFM DFA = ∆WA x NFM DFNN = ∆WNN x NFM % Error, E

 [kJ/m
3
]  [kJ/m

3
] [kJ/m

3
] [kJ/m

3
] [kJ/m

3
] 

1 2783.874 2785 409.8 1140832 1141293 0.04

2 161.351 333 5120 826117.1 1704960 106.38

3 144.144 148 53195 7667740 7872860 2.68

4 2090.991 2088 507.2 1060551 1059034 0.14

5 543.514 555 1001.5 544329.3 555832.5 2.11

6 149.55 174 3187 476615.9 554538 16.35

7 134.775 132 6333 853530.1 835956 2.06

8 7376.036 8847 922 6800705 8156934 19.94

9 3972.613 3948 1207 4794944 4765236 0.62

10 1436.036 1227 2967 4260719 3640509 14.56

11 2509.91 2571 14560 36544290 37433760 2.43

12 104.234 153 61304 6389961 9379512 46.79

13 531.892 511 4323 2299369 2209053 3.93

14 3935.225 4289 599.1 2357593 2569540 8.99

15 1328.108 1335 1469.7 1951920 1962050 0.52

16 703.063 711 4727 3323379 3360897 1.13

17 343.063 318 19163 6574116 6093834 7.31

18 311.712 368 29475 9187711 10846800 18.06

19 10242.703 10202 185.5 1900021 1892471 0.40

20 1290.27 2102 1149.5 1483165 2416249 62.91

21 153.964 172 3715 571976.3 638980 11.71

22 137.477 -22 46155 6345251 -1015410 116.00

23 6169.73 6183 275.1 1697293 1700943 0.22

24 1265.946 1222 756 957055.2 923832 3.47

25 179.73 176 1929 346699.2 339504 2.08

26 161.982 165 6914 1119944 1140810 1.86

27 151.261 163 121084 18315287 19736692 7.76

28 350.991 -135 1676 588260.9 -226260 138.46

29 5204.685 5212 432.3 2249985 2253148 0.14

30 2031.532 1894 930.4 1890137 1762178 6.77

31 327.568 374 2358 772405.3 881892 14.17

32 321.982 363 1644 529338.4 596772 12.74

33 138.649 141 9250 1282503 1304250 1.70

34 141.892 152 7034 998068.3 1069168 7.12

35 122.162 84 226776 27703410 19049184 31.24

36 5535.135 5823 967 5352476 5630841 5.20

37 603.243 595 3996 2410559 2377620 1.37

38 598.198 590 3103 1856208 1830770 1.37

39 133.153 174 5424 722221.9 943776 30.68

40 132.072 171 8499 1122480 1453329 29.47
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It is clear from Table 4.17 that the fatigue damages obtained using both hysteresis 

energies (∆WA and ∆WNN) are in good agreement.  

 

4.6 Deformation mechanism map 

Several deformation mechanism maps have been constructed for different 

engineering alloys using rate equations for different creep mechanisms [43-67] that were 

validated using experimental data only. New approaches also need to be developed that 

can allow a cross-check of the validity of the emerging deformation mechanism maps, 

particularly in cases where experimental data are very limited. Therefore, a deformation 

mechanism map for 1.23Cr-1.2Mo-0.26V steel considering dislocation glide, power law 

creep (PLC), and grain boundary sliding (GBS) accommodated by both wedge type 

cracking and creep cavitation, is constructed and validated using both experimental data 

and artificial neural network modeling results in this work. The map is constructed at a 

constant grain size of 100µm because the creep testing data for this material are available 

for this grain size only. Generally, 80-100 µm is standard for most steels used for turbine 

disc applications. The following paragraphs explain the steps involved in plotting the 

deformation mechanism map.  

 

4.6.1 Creep deformation mechanisms and rate equations 

The 1.23Cr-1.2Mo-0.26V rotor steel, explained in sections 2.2 and 3.2, is selected 

for constructing the deformation mechanism map. The high creep strength of 1.23Cr-

1.2Mo-0.26V steel is obtained through a combination of transformation and precipitation 

hardening mechanisms. Creep testing results on a retired turbine disc after 100000 hours 
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of service in a temperatures range from 500 to 675
ο
C with creep stresses varying between 

7 to 40 kg/mm
2
 are taken for the construction of the deformation mechanism map [17]. 

The minimum creep rate data as a function of applied stress at different temperatures 

showing a clear power law breakdown (PLB) is reproduced in Figure 4.14 [17].  

 

 
 

Figure 4.14: Steady state strain rate vs. stress diagram of Cr-Mo-V steel showing the power law 

breakdown at various temperatures [17]. 

 

Based on the results of creep tests of 1.23Cr-1.2Mo-0.26V steel [17], an obstacle-

controlled dislocation glide is assumed to be operative at lower temperatures whereas 

PLC and GBS mechanisms are considered dominant at higher temperatures above and 

below the PLB stresses, respectively. All equations are expressed as a function of shear 
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stress and strain only, therefore, creep stress (σ) and strain rate (


 ) values are converted 

to shear stress (τs) and shear strain rate (


 ) data using equations (24) and (25), 

respectively [40]:  

                                                                                                                                                             

   
3


 s                                                            (24) 

 

                                                   


  3                                                          (25) 

 

Obstacle-controlled dislocation glide: 1.23Cr-1.2Mo-0.26V steel contains carbide 

particles that hinder dislocation glide resulting in a contribution to the flow strength. The 

following rate equation (see section 3.3.4) for discrete obstacle-controlled plasticity by 

particle shearing has been used [40,114]: 
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where 


DG is the shear strain rate due to dislocation glide; 


0  is a pre-exponential 

constant; k is the Boltzmann constant; R is the gas constant; T is the temperature in 

Kelvin; τs is the applied shear stress; and ∆F denotes the activation energy for dislocation 

glide required to overcome the obstacles without any aid from external stresses. 

Therefore, the value of ∆F is taken to be about 2μοb
3
 [40]; where μο is the shear modulus 

at zero K and b is the Burgers vector. το, assumed to be proportional to μb/λ where λ is 

the obstacle spacing, is the flow strength of the solid at zero K and is also called athermal 

flow strength [40,45]. In other words, το is the stress forcing the dislocation through the 
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obstacle with little thermal energy contribution. It is dependent on density and 

arrangement of the obstacles.  

Grain boundary sliding (GBS): Langdon's GBS model [41,42,46,48] does not take into 

account the presence of grain boundary carbides or the back stresses opposing dislocation 

glide or climb that are often present in engineering materials. When a dislocation climbs 

along the particle/matrix interface at the grain boundary, the dislocation particle 

interaction produces a back stress, τic that reduces the effective stress or the applied shear 

stress (τs) acting on the climbing dislocation to τs-τic· In a similar way, the back stress 

opposing dislocation glide, τig, arises from dislocation pile-up that form at all grain 

boundary precipitates and reduces the effective stress to τs-τig· Therefore, the modified 

rate equation (see section 3.3.4) of GBS incorporating the effects of back stresses in  the  

presence  of grain boundary  precipitates has been used that can be given by [56,59]: 
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                 (22)       

 

where 


GBS  is the shear strain rate due to GBS; AGBS is a non-dimensional constant; Dgb 

is the diffusion coefficient for grain boundary diffusion; λ is the grain boundary 

precipitate spacing (or ledge spacing for clean boundaries); r is the average radius of 

grain boundary particles (or ledge height); d is the grain size; q is the grain size index 

which takes values of 1 (without particles or ledges), 2 (for discrete particles), and 3 (for 

a continuous network of particles). Furthermore, the back stress τic opposing dislocation 

climb can be given by [59,62]:  
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b
ic                                                          (26) 

                                                                
where α is a factor depending on the degree of coherency of the precipitate particles. 

Simplifying assumptions are made about the size, shape, coherency, etc., of the carbide 

precipitate particles for the purpose of plotting the deformation mechanism map. The 

following assumptions are made: 

1. Precipitate particles are spherical in shape [17,59] 

2. q = 2 for discrete grain boundary particle distribution [59] 

3. α =1 for coherent precipitate particle [59], therefore τic = μb/λ  [59] 

4. τig = μb/λ [62] 

5. λ = 2r [17] 

Substituting all the assumptions listed above, equation (22) can be re-written as: 
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where τb is the back stress due to carbides.     

            

Power law creep: At high temperatures, the ability of dislocations to glide and climb 

within the grain interiors is considered responsible for the dominance of power law creep 

above PLB and the strain rate dependence of creep strength increases. The rate equation 

incorporating the effect of back stress for a dislocation glide-climb controlled creep in 

terms of tensile stress (σ) and strain rate (


 ) can be given by [56]:    
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Tensile stress and strain rate in equation (23) can be converted to shear stress and 

shear strain rate using equation (24) and (25) respectively. The equation for power law 

creep then becomes:  

                                      
n

bsv
n

PLCPLC
kT

bD
A 







 









1

3          (28)                           

where 


PLC is the shear strain rate due to power law creep; APLC is a material constant for 

power law creep; (τs- τb) is the effective stress causing creep; n is a mechanism dependent 

exponent; Dv is the volume diffusivity at the test temperature and other parameters are the 

same as in equations (21) and (22).  

 

4.6.2 Determination of physical constants  

Values for the various physical constants in equations (21), (27), and (28) are 

required to construct the deformation mechanism map. They are determined either from 

experimental data or from appropriate assumptions.  

Diffusion coefficient (D) and activation energy (Q): Diffusion coefficients for grain 

boundary (Dgb) and volume (Dv) diffusion can be expressed by equations (29) and (30), 

respectively: 
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where Dogb, Qgb and Dov, Qv are pre-exponential terms and activation energies for grain 

boundary and volume diffusion, respectively and R is the gas constant. A value of 251 
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kJ/mol is taken for the activation energy of volume diffusion (Qv) as quoted by Frost 

and Ashby [40], while 125.5 kJ/mol is used for the activation energy of grain boundary 

diffusion (Qgb) since Qgb is generally approximately equal to half of Qv. These values 

seem to be similar to other steels and Ni based superalloys as quoted by Frost and Ashby 

[40]. 

Shear modulus (µ): It is well known that the elastic modulus-temperature dependence is 

similar in materials with identical crystal structure. Therefore, the shear modulus values 

of ferritic steel similar to 1.23Cr-1.2Mo-0.26V as provided in Table 4.18 [19] are used.  

 

Table 4.18: Shear modulus as a function of temperature [19] 

Temperature, T (
ο
C)  Shear Modulus,  µ (GPa) 

25 84 

100 81 

200 77 

300 74 

400 70 

450 68 

500 66 

525 65 

550 64 

575 63 

600 62 

625 61 

650 60 

675 58 

700 56 

 

 

Stress exponent for power law creep: The stress exponent for power law creep 

generally varies in the range from 3.5 to 5. Therefore, the value of 4 for ferritic steels has 

been used as a reasonable assumption [57,128].  
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Inter-particle spacing (λ): The grain boundary precipitate spacing as a function of 

temperature and stress, measured from the micrographs presented in reference [17], is 

given in Table 4.19. 

 

Table 4.19: Inter-particle spacing (λ) as a function of temperature and stress [17] 

Temperature,  T (οC) Stress, σ (kg/mm2) λ (μm) 
Dominant deformation 

mechanism 

525 25 1.20x10-1 GBS  

525 27 1.20x10-1 GBS  

525 30 1.30x10-1 GBS  

550 12 1.60x10-1 GBS  

550 20 1.20x10-1 GBS  

550 25 1.40x10-1 GBS  

550 27 1.40x10-1 GBS  

600 12 1.50x10-1 GBS 

600 20 1.30x10-1 GBS 

650 7 2.20x10-1 GBS  

650 12 2.00x10-1 GBS  

525 38 1.40x10-1 PLC 

550 30 1.50x10-1 PLC 

600 30 1.50x10-1 PLC 

650 20 1.30x10-1 PLC 

 

Constants AGBS and APLC: The constants AGBS and APLC of equations (27) and (28) are 

calculated using experimental data extracted from Figure 4.14, as summarized in Table 

4.20 [17]. The calculation gives AGBS = 9.29 X 10
9
 and APLC = 4.29x10

4
 respectively. 

These values are in good agreement with AGBS and APLC for the similar material as given 

in reference [40]. 

In summary, the parameters and physical constants used for constructing the 

deformation mechanism map are listed in Table 4.21.  
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Table 4.20: Experimental data for calculation of AGBS and APLC [17] 

Temperature, T(οC) Strain rate, 



 (s-1) Shear stress, τs (MPa) 
Dominant deformation 

mechanism 

525 4.81x10-08 152.93 GBS 

550 1.44x10-07 113.28 GBS 

600 9.62x10-08 67.97 GBS 

625 4.81x10-07 67.97 GBS 

650 4.81x10-07 39.65 GBS 

650 2.41x10-06 67.97 GBS 

525 1.44x10-07 169.92 PLC 

525 1.20x10-05 215.23 PLC 

550 8.66x10-07 141.60 PLC 

550 1.68x10-05 169.92 PLC 

600 9.62x10-07 113.28 PLC 

650 2.89x10-05 113.28 PLC 

  

 

Table 4.21: Various parameters and physical constants used in plotting the deformation 

mechanism map [40,57,128] 

Quantity Magnitude Reference 

Burgers Vector, b (m) 2.5x10-10 40 

Gas constant, R (Joule/mol) 8.3144 40 

Boltzmann constant, K (MNm/K) 1.38x10-29 40 

Melting temperature, Tm (K) 1810 40 

   

Obstacle-controlled glide   

0 K flow stress, το/μο 6.2x10-3 40 

Pre-exponential constant, γο (s
-1) 106 40 

Activation energy for dislocation glide, ΔF/ μοb
3 2 40 

   

Grain boundary sliding   

Constant, AGBS 9.29 X 109 - 

Activation energy for grain boundary sliding, Qgb (KJ/mol) 125.4 40 

 Pre-exponential constant for grain boundary sliding, Dogb 1.1x10-12 40 

Stress exponent, n 2 40 

   

Power law Creep   

Stress exponent, n 4 57,128 

Constant, APLC 4.29x104 - 

Activation energy for volume diffusion, Qv (KJ/mol) 251.4 40 

Pre-exponential constant for volume diffusion Dov 2x10-4 40 
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4.6.3 A deformation mechanism map of 1.23Cr-1.2Mo-0.26V 

steel 

A programming code is written and run in Matlab (R2007b) in a personal 

computer (Microsoft Windows 7 edition, 3GB RAM). Using equations (21), (27), and 

(28), the deformation mechanism map of 1.23Cr-1.2Mo-0.26V steel is constructed as 

shown in Figure 4.15. The temperature range selected for the map is between 100-800°C 

and no consideration is given to the PLB creep regime due to solute diffusion because the 

application range of the alloy is limited to 600°C, above which excessive oxidation 

occurs; additional reason is that ferrite/austenite transformation takes place above 700°C. 

The creep data for 1.23Cr-1.2Mo-0.26V steel are available between 500-675°C; they are 

interpolated and extrapolated to 100-800°C temperature range. In the map, the applied 

stress is presented as the equivalent shear stress normalized with respect to the shear 

modulus over the equivalent temperature normalized with respect to the melting point 

with both T and Tm expressed in Kelvin [40]. The corresponding strain rate (10
-1

-10
-10

) 

contours are also plotted as a variable on the map using the Newton Rapson method in 

Matlab (R2007b).   

The three controlling mechanisms i.e. dislocation glide, PLC, and GBS, most 

prevalent for the given creep, are clearly shown in Figure 4.15. The solid lines (boundary 

lines) represent the field boundaries separating areas in the stress temperature space 

wherein the specified mechanisms remain dominant. The solid lines are obtained by 

equating the strain rate equations for each mechanism. Two bordering deformation 

mechanisms are considered to have comparable creep rates and equally contribute to the 

total deformation along the boundary lines.  
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The triple point (B) where dislocation glide, GBS, and PLC regions meet, the 

strain rates of all three mechanisms are equal. Therefore, by equating (21), (27), and (28), 

the normalized stress at the triple point can be obtained. As can be seen in the map, 

plastic deformation between 0.4T/Tm and 0.6T/Tm can be explained by two parallel 

processes: GBS and PLC. It is clear from the map that above the curved line B-D-E, PLC 

is the sole mechanism occurring at high temperature and high stress. Below the B-D-E 

line at low stresses, GBS dominates. Following the procedure of dividing the GBS region 

by Banerjee et al. [66], the GBS region is sub-divided into two sub-regions: GBS 

accommodated by wedge type cracking below 0.5T/Tm, and GBS accommodated by 

cavitation above 0.5T/Tm.  

   

 

Figure 4.15: Deformation mechanism map for 1.23Cr-1.2Mo-0.26V steel. 
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4.6.4 Verification of the deformation mechanism map  

The deformation mechanism map plotted above has been verified using 

experimental and neural network modeling results as described in the following sections. 

 

4.6.4.1 Experimental results 

The experimental data for PLB points (square points) given in Table 4.23 are also 

plotted on the map as shown by the B-D-G line in Figure 4.16. The deformation 

mechanism map shows that the experimental data points are in excellent agreement with 

boundary line drawn by equating the rate equations of GBS and PLC. This excellent 

match confirms the validity of using the rate equations for 1.23Cr-1.2Mo-0.26V steel. 

 

4.6.4.2 Neural network results  

A neural network modeling is also performed using experimental data. The PLB 

points used above for experimental validation are taken as the targets (normalized 

stresses) whereas homologous temperatures and strain rates are taken as the inputs. Inputs 

and targets and their ranges are given in Tables 4.22 and 4.23 [17]. In order to avoid 

over-fitting, a total of 16 data points is randomly divided into three subsets; a training 

subset (50% of the total data set), a validation subset (25% of the total data set), and a test 

subset (25% of the total data set). The Levenberg-Marquadt backpropagation method 

with three layered architecture (one input layer, one hidden layer, and one output layer) is 

used for the neural network modeling. After a number of trials, the most suitable 

architecture obtained is 2-11-1, i.e. 2 neurons in the input layer, 11 neurons in the hidden 

layer, and 1 neuron in the output layer. The performance is 4.60586x10
-8

 which is small 
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and the training stops after only 8 epochs. Figure 4.17 shows the mean squared error vs. 

the number of epochs for training, validation, and testing subsets which indicate that no 

over-fitting occurred and the network is properly trained.  

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 4.16: Experimental and neural network results for the validation of the deformation 

mechanism map for 1.23Cr-1.2Mo-0.26V steel. 
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Table 4.22: Inputs, targets, and their ranges [17] for modeling of the normalized stresses   

Nr. Input Parameters Ranges 

1 Homologous Temperature (T/Tm) 0.399-0.0593 

2 Strain rate (


  , s
-1

) 1x10
-8

-1x10
-2

 

1 Target (τ/µ) 9.06x10
-4

-4.1x10
-3

 

 

 
 

Figure 4.17: Mean squared error vs. epoch for modeling of the normalized stress.  

 

The linear regression analysis is also performed as can be seen in Figure 4.18. The 

parameters obtained from the linear regression analysis are m = 0.73; b = 0.00041 and R 

= 0.95406. These parameters are close to ideal values (m = 1; b = 0; R = 1), which 

indicate a good fit and show the high accuracy of the model.  

The output obtained from the modeling, corresponding target values and their % 

errors are summarized in Table 4.23. It can be seen that there is a good correlation 

between the output (Y) and the target (T) values and the overall percentage error is small.  
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Figure 4.18: Linear regression analysis for modeling of the normalized stress.  

 

Table 4.23: Outputs, targets, and corresponding % errors for modeling of the normalized stress 

Nr. Output, (Y) Target (T) (T-Y) % Error, E Dominant Deformation Mechanism 

1 4.1x10
-3

 4.1x10
-3

 0.00 0.00 PLB 

2 1.9 x10
-3

 2.35x10
-3

 0.45 19.15 PLB 

3 1.9 x10
-3

 2.12x10
-3

 0.22 10.38 PLB 

4 1.7 x10
-3

 1.83x10
-3

 0.13 7.10 PLB 

5 1.7x10
-3

 1.76x10
-3

 0.06 3.40 PLB 

6 1.6x10
-3

 1.51x10
-3

 -0.09 5.96 PLB 

7 1.4 x10
-3

 1.37x10
-3

 -0.03 2.18 PLB 

8 1.2 x10
-3

 1.21x10
-3

 0.01 0.83 PLB 

9 1.0 x10
-3

 1.09x10
-3

 0.09 8.25 PLB 

10 1.0 x10
-3

 9.06x10
-4

 -0.094 10.37 PLB 

11 2.3 x10
-3

 2.00x10
-3

 -0.30 15.00 GBS 

12 1.8 x10
-3

 1.50x10
-3

 -0.30 20.00 GBS 

13 1.1x10
-3

 1.00x10
-3

 -0.10 10.00 GBS 

14 1.5x10
-3

 2.00x10
-3

 0.50 25.00 PLC 

15 2.0 x10
-3

 2.00x10
-3

 0.00 0.00 PLC 

16 2.7 x10
-3

 3.00x10
-3

 0.30 10.00 PLC 
     % Error, E = abs ((T-Y/T) x100) 
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The output values (circle points) obtained from the neural network modeling, 

given in Table 4.23, are also plotted on the map as shown by a B-F-D-G line in Figure 

4.16. As can be seen from the Figure that neural network results accurately match 

experimental data points and the boundary line obtained by equating the rate equations 

for GBS and PLC. At point D, all three results overlap. Moreover, three random points 

in the GBS region and three random points in the PLC regions are also taken as inputs 

as shown in Table 4.23 in order to investigate whether the neural network can also be 

applied in these regions. As can be seen from Figure 4.16, the neural network outputs 

accurately match these random points and the error between them is very small. 

However, there is some scatter between neural network outputs and random points, and 

the best linear fit line and the one-to-one correspondence line deviate strongly from each 

other as can be seen from Figure 4.18. This may be caused by the small size of the 

inputs available for training, which seems not to allow appropriate learning of 

relationships between inputs and outputs.  

In summary, the physics based rate equations and/or the neural network modeling 

can be used to construct or expand the investigated deformation mechanism map. The 

typical turbine disc operational envelop is also superimposed on the map and it is evident 

that GBS accommodated by wedge cracking is expected to dominate during service. This 

excellent modeling result opens new avenues and demonstrates the potential of the neural 

network to become a key design tool for Engineers if service conditions of actual 

components are accurately replicated.  
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Chapter 5 

Thesis conclusions, contributions and future work 

The primary focus of the thesis is to apply the feedforward neural network in 

modeling of materials such as Ni based superalloys and Cr-Mo-V steels used for turbine 

applications. The goals of the work are four fold: to compare the two neural network 

training methods for modeling of the γ’ precipitate size of Ni based superalloys; to model 

the thermal expansion coefficient of Ni based superalloys; to model the fatigue life and 

hysteresis energy and then to calculate the accumulated fatigue damage of Ni based 

superalloys; and finally to plot the creep deformation mechanism map of 1.23Cr-1.2Mo-

0.26V steel used in land based turbines.  

 

5.1 Conclusions 

The following conclusions can be drawn from the present study: 

 

1. γ’ precipitate size:  

Two training methods, the Levenberg-Marquadt (Trainlm) and Bayesian 

Regularization (Trainbr), have been successfully used to develop neural network models 

to predict the γ’ precipitate size of various Nimonic alloys and IN100. Chemical 

compositions and heat treatments are used as inputs. The results of both methods are 

compared to each other, and both methods accurately predicted the γ’ precipitate size 

with only small errors.  However, the Lavenberg-Marquadt method is proven to be faster 
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and more accurate than the Bayesian Regularization method. Therefore, the Levenberg-

Marquadt method is selected for all other neural network models. Moreover, in order to 

highlight the importance of ageing methods, a neural network model is also applied on 

the turbine blade material IN738LC to predict the γ’ precipitate size. As the size of γ’ 

precipitates can be directly related to fatigue and creep properties of turbine materials, 

these models could potentially help to predict the performance of turbine blade and disc 

materials.  

 

2. Thermal expansion coefficient:  

The modeling of thermal expansion coefficients of various γ’ precipitate 

strengthened Ni based superalloys has been completed successfully. The model takes 

chemical compositions and heat treatments as inputs and predicts thermal expansion 

coefficients of various Ni based superalloys. Although the existing set of experimental 

data is limited, there is an excellent match between measurement data and modeling 

results. The developed models can potentially be used to assess the risk of thermo-

mechanical stresses, damage, and failure at substrate-coating interfaces as well as 

between neighbouring turbine components.  

 

3. Fatigue life:  

The fatigue life of various Ni based superalloys used in turbine disc has been 

predicted using fracture mechanics and neural network approaches. Fracture mechanics is 

first used to predict the critical crack size to failure. The Paris equation is then integrated 

from the initial crack size to the final crack size in order to predict the crack propagation 



 123 

life for different load amplitudes. Crack initiation life values from literature are then 

added to obtain the total fatigue lives. Material’s chemical compositions, microstructural 

properties, fatigue loading variables, and mechanical properties are used as inputs to 

predict the fatigue life using neural network as well. The model converges relatively well 

although it seems unable, as can be expected, to replicate the strong statistical 

uncertainties and variations commonly experienced in fatigue life.   

 

4. Hysteresis energy:  

The hysteresis energy is estimated using both the hysteresis area equation and the 

neural network approaches. The area equation calculates the energy absorbed per unit 

volume by the material during each fatigue cycle. Chemical compositions, 

microstructural properties, fatigue parameters, and mechanical properties are used as 

neural network inputs. Both, the area equation and the neural network approaches are 

accurate and yielded similar results.  

 

5. Accumulated fatigue damage:  

The accumulated fatigue damage to failure is estimated as the product of 

hysteresis energy and the number of cycles to failure. Hysteresis energies obtained from 

the area equation and the neural network are multiplied with the total fatigue life obtained 

from the fracture mechanics approach. Both, the hysteresis loop area equation and the 

neural network yielded similar results.  
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6. Deformation mechanism map:  

Based on current understanding of time dependent deformation mechanisms 

operative in complex engineering alloys, the deformation mechanism map of 1.23Cr-

1.2Mo-0.26V steel is constructed using dislocation glide, grain boundary sliding, and 

power law creep rate equations. The developed map is in good agreement with 

experimental results from literature and neural network modeling results. The constructed 

map could be potentially useful as a powerful tool for design engineers if service 

conditions of actual components are accurately replicated.  

 

5.2 Contributions 

Numerous research papers are available on the use of neural networks to predict 

various properties (strength, creep, and fatigue) and to form correlations within various 

parameters of Ni based superalloys. However, all modeling attempts so far have focused 

on only a few turbine component operating parameters. New approaches are yet to be 

developed that include all known application conditions in assessing component behavior 

as a function of temperature, chemical composition, and heat treatment. Therefore, this 

work makes a contribution in developing a comprehensive approach to describe and 

predict the behaviour, damage, and life of high temperature materials used in turbine 

components. Below are short overviews of specific contributions of this thesis: 

 

1. γ' precipitate size: 

Various neural network models have been previously developed to predict 

mechanical, fatigue, and creep properties of Ni based superalloys as function of 
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microstructure. Lattice parameters of γ and γ’ phases have also been developed as a 

function of chemical composition and temperature. However, neural network models to 

specifically predict γ’ precipitate size of Ni based superalloys are still lacking. Therefore, 

neural network models are developed in this work to predict the γ’ precipitate size as a 

function of chemical composition and heat treatment. The Levenberg-Marquadt 

(Trainlm) method is identified as a more appropriate method as compared to the Bayesian 

Regularization (Trainbr) method.  

 

2. Thermal expansion coefficient: 

Previous research has attempted to measure or derive the thermal expansion 

coefficient of simple metals and alloys. They are based on either features of the binding 

energy curve or regression analysis. Some authors have correlated the thermal expansion 

coefficient to the content and size of γ’ precipitates of Ni based superalloys. However, 

current approaches are limited to low temperatures and provide only a rough estimate for 

higher temperatures. This thesis is the first of its kind to use the neural network modeling 

for predicting thermal expansion coefficients of Ni based superalloys using chemical 

compositions, heat treatments, and application temperatures as inputs.  

 

3. Fatigue life:  

Various neural network models to predict the fatigue crack growth rate, fatigue 

life, and fatigue properties of Ni based superalloys are available in the literature. 

However, very little has been done so far to combine both fracture mechanics and neural 

network approaches for a comprehensive prediction of the fatigue life of turbine blades 
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and disc materials. Therefore, this work links linear elastic fracture mechanics and neural 

networks to predict high temperature fatigue life as a function of chemical compositions, 

microstructural properties, fatigue parameters, and mechanical properties.  

 

4. Hysteresis energy and fatigue damage: 

Several experimental studies and models have also been used to determine the 

hysteresis energies of materials. However, the neural network is yet to be investigated in 

this field. For this purpose, this thesis uses the area equation to determine the hysteresis 

energy which is then fed as targets into the neural network together with the chemical 

compositions, microstructural properties, fatigue parameters, and mechanical properties 

to estimate the accumulated damage.  

 

5. Deformation mechanism map:  

To date, several deformation mechanism maps have been constructed for different 

engineering alloys using rate equations for different creep mechanisms. Most maps are 

primarily constructed and/or validated using experimental data or microstructural 

evidences while others have assumed that observations made on simple metals and alloys 

are also applicable to complex engineering alloys. However, a general consensus is 

slowly emerging that GBS accommodated by different processes plays a major role in 

complex engineering alloys demanding a reassessment of conventional assumptions. In 

parallel, new approaches also need to be developed that can allow a cross-check of the 

validity of the emerging deformation mechanism maps. Therefore, the deformation 

mechanism map of 1.23Cr-1.2Mo-0.26V steel has been constructed where the modified 
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rate equations incorporating the effects of back stresses of power law creep and GBS are 

considered. The map is then validated with experimental and artificial neural network 

results. The map is the first of its kind to be validated using the neural network modeling.   

 

6. Journal and conference proceedings contributions as of the defence 

date: 

1. N. Bano and M. Nganbe: Modeling of Thermal Expansion Coefficients of Ni based 

Superalloys using Artificial Neural Networks, Journal of Materials Engineering and 

Performance, Vol. 22, Issue 4, pp. 952-957, April 2013. 

2. N. Bano and M. Nganbe: Neural Network Approach for Modeling the Hysteresis 

Energy of Ni based Superalloys, Proceedings of the International Conference on 

Mechanical Engineering and Mechatronics, Ottawa, Canada, August 2012. 

3. N. Bano, A. Fahim, and M. Nganbe: Neural Network Model to Predict Low Cycle 

Fatigue Failure Energy of Rene77, Proceedings of the AES-ATEMA'2010 Fifth 

International Conference, Montreal, Quebec, Canada, pp. 123-126, June 2010.  

4. N. Bano, A. Fahim, and M. Nganbe: Fatigue Crack Initiation Life Prediction of 

IN738LC using Artificial Neural Network, Proceedings of the AES-ATEMA'2010 

Fifth International Conference, Montreal, Quebec, Canada, pp. 117-121, June 2010. 

5. N. Bano, A. Fahim, and M. Nganbe: Modeling of γ’ Precipitate Size of IN738LC 

using Levenberg-Marquardt Backpropagation Neural Network, Proceedings of the 

First International Conference on Integrated Intelligent Computing, Bangalore, India, 

pp. 45-50, August 2010. 
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6. N. Bano, A. Fahim, and M. Nganbe: Prediction of Fracture Energy of IN738LC 

Superalloy using Neural Network, Proceedings of the International Conference on 

Fracture, Ottawa, July 2009. 

7. N. Bano, A. Fahim, and M. Nganbe: Determination of Thermal Expansion 

Coefficient of IN738LC with Duplex Size Gamma Prime using Neural Network, 

Proceedings of the Conference of Metallurgists, Winnipeg, August 2008.  

8. N. Bano, A. Fahim, and M. Nganbe: Neural Network Model of IN738LC Superalloy: 

Thermal Expansion Coefficient, Proceedings of the CSME Forum, Ottawa, June 

2008. 

  

7. Conference presentation contributions as of the defence date:  

1. N. Bano and M. Nganbe: Neural Network Approach for Modeling the Hysteresis 

Energy of Ni based Superalloys, International Conference on Mechanical 

Engineering and Mechatronics, Ottawa, Canada, August 2012.  

2. N. Bano, A. Fahim, and M. Nganbe: Neural Network Model to Predict Low Cycle 

Fatigue Failure Energy of Rene77, AES-ATEMA'2010 Fifth International 

Conference, Montreal, Quebec, Canada, June 2010.  

3. N. Bano, A. Fahim, and M. Nganbe: Fatigue Crack Initiation Life Prediction of 

IN738LC using Artificial Neural Network, AES-ATEMA'2010 Fifth International 

Conference, Montreal, Quebec, Canada. June 2010. 

4. N. Bano, A. Fahim, and M. Nganbe: Neural Network Model of IN738LC, 

Superalloy: Thermal Expansion Coefficient, CSME conference, Ottawa, June 2008. 
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5.3 Suggestions for future work 

The results of this thesis have clearly proven the great potential of the neural 

network to become a powerful tool for predicting the behaviour and life of Ni based 

superalloys and steels used for turbine components. Below are suggestions for immediate 

further investigations that can contribute in achieving this goal: 

1. Expand the investigation to other materials used at high temperatures.  

2. Explore more training methods such as Gradient Descent, Gradient descent with 

Momentum, etc., to further optimise the performance of neural networks. 

3.  Explore neural network models with multiple outputs. 

4. Explore serial connections of neural networks in which some networks 

automatically use the output of previous ones as their inputs. 

5. Investigate the appropriateness of neural networks for predicting more complex 

states and demands such as ballistic and blast impact, thermo-mechanical loading, 

and stress-corrosion cracking. 

6. Explore the appropriateness of neural networks in other complex areas typically 

covered by finite elements methods such as local stress concentrations. 
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Appendix A 
 

Table A1: Detailed information about inputs and targets for modeling of the γ' precipitate size 

[110] 

 
 

                                                                                                   Element content (wt %) Tsol tsol Tage tage γ' s i ze

Materia l Ni Cr Al Ti Co Mo Si Fe C (οC) (hr) (οC) (hr) (nm)

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 1 2.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 5.65 4.3

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 20.5 6.6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 34 7.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 59 9

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 90 10.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 100 10.9

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 290 15.8

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 300 15.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 670 1000 23.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 0.5 6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 2.7 9.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 3 9.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 6.5 12.25

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 7 12.6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 12 15

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 14 16

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 27 20.3

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 50 24.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 67 27

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 85 30.3

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 98.5 32.2

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 750 3360 119

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 800 2 18.1

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 800 18 35.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 800 62 54.1

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 800 212 78.4

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 800 512 111.6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 24 22

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 27 48

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 200 93.4

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 288 105

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 480 122

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 652 138

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 841 150

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 1696 198
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Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 820 2449 215

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 0.225 10

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 0.39 11.1

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 0.9 16.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 1.7 20.2

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 2 23

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 9 31

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 14.5 40.9

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 25.4 47

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 28 48.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 53 69

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 76 72.2

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 113 79

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 160 98.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 161 72

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 215 106

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 215 99.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 290 108

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 370 123.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 410 110

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 480 134

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 590 142.6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 712 152.6

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 1010 173

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 1050 173

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 1700 192.7

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 824 1825 214.1

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 2.65 26

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 5.6 20

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 6 35

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 27.2 58

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 69.6 69

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 75 90

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 140 110

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 260 129

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 260 107

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 288 139

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 480 155

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 631 153

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 652 168

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 841 196

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 943 202

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 960 174

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 960 203

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 1607 231.5

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 2448 294

Nimonic PE 16, W 43 16.7 1.1 1.28 0.19 3.27 0.24 34.155 0.065 1150 4 840 3360 325

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 1 15.5
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Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 5.795 28

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 12 30.6

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 20.12 41

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 50.09 59

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 58.72 56.5

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 75.42 63

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 102.7 81

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 166 93.5

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 265.6 95.4

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 405.9 118

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 569 140

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 652 119

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 2086 204

Nimonic PE 16, G 43.2 16.2 1.25 1.28 0.05 3.5 0.06 35.61 0.054 1150 4 810 2925 223

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 700 197 17

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 700 509 23

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 850 0.33 11

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 850 1 19

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 850 10 49

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 850 40 86

Nimonic 80A 76 19.4 1.53 2.47 0.1 0 0.2 0.19 0.07 1000 4 850 240 148

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1 17

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1.12 18

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 4.12 32

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 8.17 38.5

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 9 42

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 12.5 66

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 14.33 48

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 25.17 51

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 32.5 61

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 40 96

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 46.17 69

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 91.17 107

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 180 161

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 197.2 128

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 435.3 168

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1009 205

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1078 219

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1331 209

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 850 1847 222.5

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 0.017 15

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 0.02 8.8

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 0.042 18

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 0.5 36

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 1 46

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 1.5 57
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Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 3 73

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 5 91

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 31.45 213

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 70 275

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 170 363

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 300 418

Nimonic 90 59.3 19.5 1.8 2 16 0.3 1 0 0.13 1150 4 950 1000 600

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 0.083 13.6

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 0.25 15.7

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 0.67 29.1

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 2 34.6

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 4.5 47.8

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 8 65.4

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 27 85.3

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 64 122

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 125 149

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 329 184

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 506 242

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 850 1000 325

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 0.05 55

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 0.167 66

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 0.67 98

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 3 162

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 8 227

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 27 324

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 64 424

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 125 410

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 216 450

Nimonic 105 53.9 15 5 1 20 5 0 0 0.12 1200 20 1000 512 720

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 0.33 15

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 0.58 19

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 1 20

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 5 27

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 10 36

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 30 46

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 50 50

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 100 71

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 200 95

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 400 124

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 600 139

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 800 800 159

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 0.16 21

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 0.33 28

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 0.42 38

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 0.58 45

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 1 63

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 3 74
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Tsol, Tage, tsol and tage refer to solutionizing temperature, ageing temperature, solutionizing time and ageing 

time respectively. 

 

Table A2: Detailed information about inputs and targets for modeling of the thermal expansion 

coefficient [4,11,111] 

Nr. Material Tapp( 
οC) Tsol ( 

οC) tsol (hr) Msol Tage( 
οC) tage(hr) Mage CTE, (α, 10

-6
/
ο
C) 

1 IN738LC 550 1200 4 CWQ - - - 12.77 

2 IN738LC 650 1200 4 CWQ - - - 13.22 

3 IN738LC 750 1200 4 CWQ - - - 13.61 

4 IN738LC 850 1200 4 CWQ - - - 14.16 

5 IN738LC 550 1200 4 CWQ 1050 24 FC 12.76 

6 IN738LC 650 1200 4 CWQ 1050 24 FC 13.26 

7 IN738LC 750 1200 4 CWQ 1050 24 FC 13.74 

8 IN738LC 850 1200 4 CWQ 1050 24 FC 14.22 

9 IN738LC 550 1200 4 CWQ 1120 24 FC 12.96 

10 IN738LC 650 1200 4 CWQ 1120 24 FC 13.4 

11 IN738LC 750 1200 4 CWQ 1120 24 FC 13.86 

12 IN738LC 850 1200 4 CWQ 1120 24 FC 14.35 

13 IN738LC 550 1200 4 CWQ 1140 24 WQ 12.57 

14 IN738LC 650 1200 4 CWQ 1140 24 WQ 12.84 

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 5 81

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 10 126

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 30 143

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 50 185

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 100 232

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 200 292

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 400 364

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 600 392

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 800 439

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 900 1000 538

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 0.16 54

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 0.33 70

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 0.42 86

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 0.58 100

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 1 109

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 5 180

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 10 249

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 30 401

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 50 479

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 100 541

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 200 582

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 400 652

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 600 727

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 800 770

IN100 50 10 4.75 5.1 15.5 0 0 0 0 1200 2 1000 1000 873
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15 IN738LC 750 1200 4 CWQ 1140 24 WQ 13.11 

16 IN738LC 850 1200 4 CWQ 1140 24 WQ 13.69 

17 Nimonic 90 20 1080 8 AC 705 16 AC 16.9 

18 Nimonic 90 227 1080 8 AC 705 16 AC 18.3 

19 Nimonic 90 427 1080 8 AC 705 16 AC 19.3 

20 Nimonic 90 927 1080 8 AC 705 16 AC 20.8 

21 X-750 20 1150 2 AC 845 24 AC 11.6 

22 X-750 227 1150 2 AC 845 24 AC 14.4 

23 X-750 427 1150 2 AC 845 24 AC 16.7 

24 X-750 871 1150 2 AC 845 24 AC 16.8 

25 X-750 927 1150 2 AC 845 24 AC 20.7 

26 Astroloy 25 1175 4 AC 845 24 AC 13.5 

27 Astroloy 540 1175 4 AC 845 24 AC 13.9 

28 Astroloy 871 1175 4 AC 845 24 AC 16.2 

29 IN100 93 1080 4 AC 870 12 AC 13 

30 IN100 540 1080 4 AC 870 12 AC 13.9 

31 IN100 1090 1080 4 AC 870 12 AC 18.1 

32 IN738 25 1120 2 AC 845 24 AC 11.3 

33 IN738 93 1120 2 AC 845 24 AC 11.6 

34 IN738 540 1120 2 AC 845 24 AC 14 

35 Mar M 246 93 1220 2 AC 870 24 AC 11.3 

36 Mar M 246 540 1220 2 AC 870 24 AC 14.8 

37 Mar M 246 1090 1220 2 AC 870 24 AC 18.6 

38 Udimet 500 540 1080 4 AC 845 24 AC 14 

39 Udimet 500 871 1080 4 AC 845 24 AC 16 

40 Waspaloy 540 1080 4 AC 845 24 AC 13.9 

41 Waspaloy 816 1080 4 AC 845 24 AC 15.7 

42 Waspaloy 871 1080 4 AC 845 24 AC 16 

43 IN713LC 205 1177 2 AC - - - 12.6 

44 duplex 427 1177 2 AC - - - 15.1 

45 duplex 649 1177 2 AC - - - 16.2 

46 duplex 871 1177 2 AC - - - 16.76 

47 Nimonic 115 205 1191 1.5 AC 1100 6 AC 12.76 

48 Nimonic 115 427 1191 1.5 AC 1100 6 AC 13.41 

49 Nimonic 115 649 1191 1.5 AC 1100 6 AC 14.4 

50 Nimonic 115 871 1191 1.5 AC 1100 6 AC 15.7 

Tapp, Tsol, Tage, tsol, tage Msol, and Mage and CTE refer to application temperature, solutionizing 

temperature, ageing temperature, solutionizing time, ageing time, solutionizing quenching 

method, ageing quenching method and coefficient of thermal expansion respectively. 


