
Simulation of Solute Clusters in Metallic Systems 
 

Harsha Gwalani1*, Bharat Gwalani2, Armin R Mikler1 and Rajarshi Banerjee3  

 
1. University of North Texas, Department of Computer Science and Engineering, Denton, Texas, USA 
2. Physical and Computational Sciences Division, Pacific Northwest National Laboratory, Richland, 

Washington, USA 
3.  University of North Texas, Department of Material Science and Engineering, Denton, Texas, USA 

* Corresponding author: harshagwalani@my.unt.edu 

 

 The arrangement of atoms in the microstructures of alloys plays a key role in defining their physical 

and functional properties. Many alloys exist in a solid solution state which is characterized by a 

homogeneous mixing of the solute in the solvent matrix. Changes in temperature and pressure 

conditions, however, may cause atoms of certain elements to develop segregation or anti-segregation 

tendencies. The microstructures are studied to detect deviations from the expected homogeneous 

distribution using frequency distribution tests and cluster detection algorithms on reconstructions 

obtained from Atom Probe microscopy. Evaluation and validation of performance of these algorithms 

using the reconstructed data is challenging due to the experimental limitations of the Atom Probe data 

itself. Low detector efficiency and reconstructional artifacts [2] may lead to loss of existing clusters, or 

introduce heterogeneities that do not reflect the original arrangement. Additionally, retrieving atom 

probe data is a time and cost prohibitive process. These challenges call for the use of simulated datasets 

with known concentrations and distributions to evaluate algorithms which analyze distributions or detect 

clusters.  

 Solute clusters in general are defined as regions with a significantly higher number of solute atoms 

than the expected number of solute atoms. The significance is measured relative to a homogeneous 

distribution using the chi-squared statistic and corresponding value of Pearson’s coefficient(µ) [1][2]. A 

value of µ close to 1 indicates deviation from a random distribution. 

 Existing methods towards simulating APT datasets are presented in [1][3][4]. There is a lack of 

simulated datasets with significant solute clustering or methodologies to simulate these heterogeneities. 

Moody et al. introduce clusters in a randomly distributed simulated dataset for a very dilute solution by 

increasing the probability of locating a solute atom as the direct neighbor of another solute atom [1]. The 

probability of occurrence of a solute atom next to another solute atom (direct neighbors) in a randomly 

distributed dataset can be computed based on the crystal structure and the concentration of the solute 

atom in the solid solution. This probability can be increased or decreased to introduce non-randomness 

in a very dilute solution. However, as the concentration of solute in the solution increases, the 

probability of solute-solute neighborhood, in a randomly distributed dataset also increases. Thus, the 

condition of solute-solute neighborhood is already satisfied, hence this method cannot be utilized very 

effectively for solutions that are not very dilute to achieve significant clustering effects. In this paper, we 

present three novel methods to simulate and control the extent of solute clustering in materials with any 

solute concentration. These methods alter a homogeneously distributed dataset to introduce 

heterogeneities.  

1. Incremental Clustering: The probability that a solute atom will have at least k solute neighbors 

is increased. k is incremented from one to some pre-defined maximum neighbors in each 

iteration. k cannot exceed the coordination number of the atom in the lattice.  

2. Hierarchical Clustering: The probability that a solute atom will have a solute neighbor in all k 

shells surrounding it is increased. The algorithm starts with k equal to one and k is increased by 



one in each iteration until some predefined maximum level is reached.  

3. Gravitational Clustering: Existing solute clusters attract smaller solute clusters in their vicinity, 

defined by a maximum distance. This process simulates the creation of clusters due to the 

reduction in interfacial energy of the alloy system. 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 1 shows the results when these methods were employed on an FCC dataset A0.04B0.96. Solute 

clusters with more than 50 solute atoms are shown in the Figure.  Table 1 summarizes the characteristics 

of clusters created using these methods. Incremental clustering can be used to create smaller and denser 

clusters. Hierarchical clustering creates larger and wider clusters. Gravitational clustering should be used 

to simulate physical processes that govern the enthalpy of formation. It is favorable to simulate samples 

in which solute atoms form bonds together only if they are within some distance, dmax. Each cluster is 

within atleast distance dmax from another cluster.  

 The simulated datasets can be used to validate and compare the performance of frequency 

distribution or cluster discovery algorithms. 

 

Figure 2 Solute Cluster Characteristics (cluster size denotes the number of solute atoms in the cluster). 

Clustering Method Number of solute 

clusters 

Average Solute 

concentration 

Average Cluster Size 

Incremental Clustering 218 0.29 39.64 

Hierarchical Clustering 133 0.26 73.57 

Gravitational Clustering 247 0.24 31.93 
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Figure 1 Solute clusters of size greater than 50 solute atoms in a A0.04B0.96 FCC lattice for each clustering method. 


