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The focus of the overall work has been to understand and mitigate embrittlement of RPVs steels. 

Made primarily by ferritic low-alloy steels, RPVs are permanent components in light water 

reactors (LWRs) and their irradiation embrittlement is one of the potential barriers to extending 

the lifetime of light water reactors. Therefore, predicting and having insight into the RPVs 

embrittlement in extended life conditions play a critical role in LWRs further licensing. In this 

report, we have made further progress on ongoing projects that use cluster dynamics models to 

study the RPVs embrittlement and gain insight into extended life conditions. The focus of this 

report is on Cu precipitation in ferritic alloys. Specifically, to develop models for embrittlement 

we must improve our models of Cu precipitation to avoid large Cu diffusivity, since Cu precipitates 

lead to direct embrittlement and help  and therefore control the growth of Mn-Ni-Si 

embrittling precipitates. This report describes work extending traditional mesoscale approaches 

for Cu precipitates to include the expected mobility of Cu clusters.  



 

1. Adapted cluster dynamics code to include cluster mobility. 

2. Applied new code to model Cu precipitation in Fe and obtained an initial model to 

reproduce selected experimental data. 



Part of the cluster dynamics simulation model has been discussed in previous milestone [1]. The 

basic methods are included in this report for completeness.  

As described in previous milestones, the CD method [2, 3] gives the size distribution of clusters 

by solving a series of ordinary differential equations as follows: 

 
, 

(1) 

where 

 = concentration of clusters containing n atoms at time t. 

The coefficient s are the rates at which clusters of size n absorb single atoms to grow to 

size n+1, s are the rates at which clusters of size n emit single atoms to shrink to size n-1, 

and ΔG(n) is the formation energy of clusters with n atoms. More details regarding this method 

can be found in Ref. [2, 3]. 

For a system containing k precipitating components, the rates of absorption are given by: 

 , (2) 

where 

 = rate at which clusters of size n gain one atom of species i. 

The parameter  accounts for the change in the composition of component i as the cluster 

grows from size n to n+1. It is defined by the following expression: 

 , (3) 

where 

 = atomic fraction of component i in clusters of size n. 

Here it is assumed that  does not change with n, thus  equals . 

For diffusion-limited growth of the clusters, the absorption rate becomes: 
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where 

Cβ = total volume concentration of the particles of the different components in the 

ambient phase 

 = molar fraction of the different components in the ambient phase. 

The emission rate is given by: 

 , (6) 

where 

ΔG(n) = formation energy of clusters with n atoms from the matrix, which can be 

written as: 

 , (7) 

where 

gp = free energy per atom of the precipitate phase 

μi = chemical potential of component i in the matrix 

σ(n) = interfacial energy of a cluster of size n. 

With this form, the difference ΔG(n+1)-ΔG(n) reduces to: 

 , (8) 

The chemical potentials can be written as: 

 , (9) 

Where  is the activity coefficient. When the matrix phase is in equilibrium with the precipitate 

phase we have the relationship: 
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In dilute alloys, the  in Eq. (9) will become constant according to Henry’s law, thus according 

to Eq. (8) - (10), we can obtain 
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Substituting Eq. (11) into Eq. (6), the emission rate can be written as: 
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where  and  are the solute product and solute product at equilibrium, respectively, 

and they are represented by  and  , respectively. 

The distribution function f(n=1, t) at n=1 is described as: 
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All the parameters used in the cluster dynamics model for Cu in Fe are given in this section.  
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Fe-Cu alloy with Cu content close to 1.34 at.% is widely used as model alloy to study the 

precipitation kinetics [23-31] in Cu containing steel. Previous modeling efforts with both cluster 

dynamics and (Kampmann-Wagner Numerical) KWN methods have shown that to match 

experiments a large Cu diffusivity sometimes several order of magnitude above that measured by 

more direct methods is required [22, 29, 32]. In the present work, we fixed the Cu diffusivity and 

solubility to values that are generally quite well constrained by previous experiments (see Sec. 3.3) 

and explored how well we could model the precipitation data by changing just the most poorly 

constrained model parameters, which are interfacial energy, maximum size of mobile clusters, and 

the cluster mobility of larger clusters. The available experimental information is summarized in 

Figure 5

data used in fitting Eq. (21) does 

not extend to clusters above 150 atoms. Given this uncertainty in the prediction of slow cluster 

motion, we chose to set a lower bound for the cluster mobility, which we fit to give 10-20.5 m2/s. 

In practice, this means we take cluster diffusivities from Eq. (21) until clusters of size 517 atoms, 

at which size we start using a constant diffusivity of 10-20.5 m2/s. The calculated results are shown 

in Figure 5, where we can see that the model-predicted results are very well matched with the most 



reliable experimental data. We note that the radius deviates from the most robust experiments

significantly for times before 103s. However, this region is strongly influenced by the exact cutoff 

we choose for excluding some clusters in the averaging of radius, which here is set to 65 atoms. 

For example, a cutoff of excluding less than 10
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The current project updated the developed cluster dynamics model for RPVs steel to include 

mobility of clusters. Important parameters related to the cluster dynamics model were tested to 

study the effects of each parameter on matrix composition, mean radius, number density, and 

volume fraction of precipitates. The newly developed model was tested against experimental data 

for Fe-1.34 at.% Cu alloy under thermal annealing at 500 °C. A set of parameters consistent with 

previous experimental data was found that can simulate the experimental data with good 

agreement. These results suggest that the currently developed model is effective for modeling Cu 

precipitation in steels and can avoid the unreasonably high Cu diffusivity often needed to match 

experimental Cu precipitate evolution trends. 

Future work is not planned at present due to lack of funding. However, if funding becomes 

available, a focus could be in improving the CD model we have been developing (discussed in 

previous reports), including removing minor approximations we have made, identifying and fixing 

the source of errors in low-solute and intermediate Ni alloys, very high flux ATR1 condition 

simulations, and Cu diffusion (as discussed here), enhancing the model beyond simple p-scaling 

for treating radiation enhanced diffusion, and refining the model by fitting to both all the available 

microstructural data and to the IVAR hardening database through empirical mechanical property 

models. This improved model could then be further adapted and refined for modeling thermal 

annealing behavior to assist in mitigation efforts. We would also like to further refine our machine 

learning approach (discussed in previous reports), exploring the promise of Gaussian Process 

Regression. The machine learning models could be tested and improved by using virtual data of 

hardening vs. flux, fluence, temperature and composition that include both measured conditions, 

e.g., like those in IVAR, and unmeasured LWR conditions. These virtual data sets could be 

generated by models like our CD model and can be used to test the predictive ability of the machine 

learning approaches. 





 


