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Graphical Abstract 

 

Highlights 
 Novel method developed for automatically detecting edge clusters in atom probe 

datasets 

 Application to simulated data and its effect on measurement accuracy is assessed  

 Successfully applied to real data – including datasets with complex shapes 

Abstract 
An automated way to accurately and reproducibly identify edge clusters within atom probe 

tomography datasets has been developed. The alpha-hull algorithm is used to generate a 

concave alpha-shape around an atom probe dataset. Information from core-linkage cluster 

searches is used, in combination with the calculated alpha-shape, to determine which 

clusters are on the edge of the dataset. 

The potential effects that not removing edge clusters may have on calculated cluster sizes, 

number densities and compositions is discussed. The viability of the methodology is 

demonstrated via application to real datasets, one of which was a non-standard shape. 
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The sensitivity of the method to user parameter selection is explored. Sampling fractions 

> 0.1 % and an alpha value, used to make the alpha shape, greater than twice the maximum 

measured nearest neighbour distance were found to be suitable. 

Keywords 
Atom probe tomography, cluster analysis, alpha hull, precipitates 

1 Introduction 
The presence of nanometre-scale solute clusters and precipitates can greatly affect 

macroscopic mechanical properties in a range of material systems. For example, solute 

clustering in aluminium alloys has been observed to lead to significant changes in alloy 

hardness[1] and precipitate formation during operation is responsible for embrittlement of 

reactor pressure vessel steels[2]. The magnitude to which the presence of these features 

affects the material’s properties depends upon their size distribution, chemical composition, 

and number density. Accurate determination of these parameters is essential for the reliable 

prediction of a material’s properties. 

Atom probe tomography (APT) is a three-dimensional characterisation technique that, due to 

its high chemical and spatial resolution, is routinely used to characterise material systems 

containing solute clusters[3]. Solute clusters can be identified within APT data by the 

application of different cluster search algorithms, the most commonly used are based on the 

maximum separation method [4] [5]. Once solute clusters have been located, their size 

distribution, composition and number density can be determined. 

However, some of the features in the original material are likely to not be wholly contained 

within the volume sampled during the APT experiment. Only a fraction of the original feature 

will therefore be detected in cluster searches of the dataset. These clusters are likely to 

influence and bias the measured cluster number density and size distributions, they may 

also affect compositional measurements if the features display a core-shell structure. It is 

therefore important not to include these partial “edge” clusters when calculating the 

aforementioned values.  

Many publications that characterise solute clusters via APT do not state if edge clusters 

were identified and removed before further analysis. Authors that do state that edge clusters 

were accounted for[6–12] fail to state how edge clusters were identified. This makes it 

difficult for other researchers to reproduce experimental results. There is, therefore, the need 

for a protocol that can be consistently applied by researchers to identify edge clusters within 

APT datasets. 

It is desirable that any protocol to identify edge clusters can be performed in a reasonable 

time. The large number of clusters that can be present in a single APT dataset means that it 

may take a prohibitively long time to manually identify edge clusters. As a result of this, and 

to remove subjectivity in the identification of edge clusters, it is preferred to develop an 

automated approach. 

A novel methodology has been developed to reproducibly and automatically identify solute 

clusters that are on the edge of the volume sampled during an APT experiment. The method 

was applied to a series of simulated datasets, and the calculated cluster size distribution, 

number density and composition were compared to their known values before and after 

edge cluster removal. The approach was then used to identify edge clusters in two real APT 

datasets, one of which was irregularly shaped after a region of interest containing a carbide 

had been removed from it. 



 

2 Materials and Methods 

2.1 Simulated Data 
To investigate the validity of the method proposed in Section 2.5 Method For Detecting Edge 

Clusters, two sets of simulated data were generated and analysed. The simulated data took 

the form of a spherical volume with radius R = 20 nm and atoms were randomly located 

such that the overall ionic density was 20 ions/nm3. Randomly placing the ions in the 

simulated volume mimics the limited spatial resolution commonly observed in experimental 

APT datasets. An atomic density of 20 ions/nm3 is similar to the atomic density observed in 

APT datasets, after accounting for the limited detection efficiency. Initially, solute clusters 

were generated in this volume with a uniform concentration, however, in a second 

subsequent simulation, clusters with a core-shell structure were produced. In both cases, 40 

clusters with a radius r = 2 nm were placed in a uniform random distribution with centres 

within 22 nm of the centre of the spherical volume. The clusters had a composition of 50 

at.% A and 50 at.% B (where A and B were both solute atoms). The matrix solute 

concentration of 0.2 at.% was sufficiently low so as to minimise the chances of neighbouring 

clusters being connected by the cluster search algorithm.  

The posgen program [13] was used to generate the ion position (pos) files from XML scripts 

written by a custom script written in R [14]; these scripts are available in the supplementary 

material. Clusters were placed with a separation margin of at least 1 nm to prevent their 

volumes overlapping. Any cluster placed at a distance from the centre of the dataset 

between R-r and R+r will intersect the edge of the spherical volume and therefore will be an 

edge cluster (Figure 1). Based on a random placement of clusters, this would result in 

approximately 50 % of the clusters being classified as edge clusters. Posgen was also used 

to detect the clusters in the volume using the core-linkage [15] variant of the maximum 

separation method.  This algorithm was implemented using a kth nearest neighbour (kNN) 

order of k = 1, dmax = 0.5 and an inclusion envelope (L) equal to an erosion (E) distance of 

0.2 nm. Nmin, the minimum number of solute ions that had to be contained in a cluster for it to 

be counted, was set equal to 20; this value is much lower than the number of ions (670) 

expected within a cluster of radius 2 nm. A modified version of the posgen code was used 

which reported the bounding box of each cluster as well as the composition and centre of 

mass; a patch for the modified code is included in the supplementary material. 

 

Figure 1: Schematic diagram (2D) of (a) simulated volume and dimensions, (b) Cluster, with centre (x) < R – r, 
that does not intersect the edge of the dataset, (c) Cluster, with R – r < x < R, that intersects the edge of the 

dataset and (d) Cluster, which intersects the edge of the datasets, with R < x < R + r. x is the radial distance from 
the centre of the sphere. 



For the core-shell simulation, each cluster was composed of an inner sphere (1.59 nm 

radius) containing only A ions and an outer shell (radius 2 nm) containing B ions. This results 

in an average cluster composition of 50 at.% A and 50 at.% B. The same cluster selection 

parameters were used as above. 

The classification of edge clusters was performed using the alpha-hull methodology 

presented below. For calculating the alpha hull, a sampling fraction of 0.01 and alpha value 

of 12 were used. In both scenarios above, 2000 random datasets were created and the edge 

cluster classification was performed. 

2.2 Materials 
A model steel was exposed to neutron irradiation in the Advanced Test Reactor 2 

experiment at the University of California, Santa Barbara. The irradiation was conducted at a 

temperature of 290°C and the specimen experienced a fluence of 1.4x1020n/cm2 at a flux of 

3.6x1012n/cm2s. The damage was calculated to be equivalent to 0.17 displacements per 

atom (dpa). The nominal composition of the alloy is shown in Table 1. 

Cu Si Ni Mn P Cr Mo C Fe 

0.04 0.37 3.11 1.90 0.01 0.10 0.27 0.87 Bal. 

Table 1 Composition of model steel alloy (at.%) 

2.3 Sample Preparation and APT Acquisition 
Specimens were prepared for APT analysis using an FEI Quanta 3D FEG. The APT tips 

were fabricated following standard focussed ion beam lift-out methods[16,17]. A final 

polishing stage was conducted at 5 kV to limit Ga implantation into the volume analysed 

during the APT experiment[18].  

APT data was acquired using voltage mode on a LEAP 4000-XR with an operating 

temperature of 50 K, a pulse fraction of 20 %, a pulse frequency of 200 kHz, and a detection 

rate of 0.003 ions per pulse. 

2.4 APT Data Analysis 
Reconstructions of the atom probe data were generated using Integrated Visualization and 

Analysis Software (IVAS) version 3.8.4. Current reconstruction protocol utilised in this work 

are summarised in detail elsewhere [19,20]. Cluster searches were conducted via the IVAS 

cluster search tool, which implements the core-linkage method [15]. Cu, Ni, Mn, Si, P were 

selected as solute ions; the 58Fe2+/58Ni2+overlap peak at 29 was included in the cluster 

search [21]. The following cluster search parameters were used: kNN Order = 5-6, dmax = 

0.55nm, L = E = 0.275nm, Nmin = 25-30.  Cluster search parameters were chosen such that 

the ratio of real:random clusters was maximised. 

2.5 Method For Detecting Edge Clusters 
We define edge clusters as any cluster from the original material whose true extent is not 

completely contained within the reconstructed APT volume. Clusters may be assigned as 

edge clusters if any of the ions within the detected cluster are on the edge of the analysed 

volume. However, this can make calculations computationally complex as clusters may 

contain many thousands of ions. To reduce computational complexity, a convex hull was 

generated around each cluster. Clusters were then assigned as edge if any of the vertices of 

the convex hull generated around the cluster were not contained within the analysed volume. 

This is shown schematically in Figure 2.  



 

Figure 2 Schematic diagram demonstrating that for (a) each cluster (b) a convex hull is fitted and (c) the vertices 
that define the hull are identified. 

Before one can determine if the vertices of the convex shape lie within the reconstructed 

volume, the shape of the reconstructed volume itself must be defined. To define the surface 

of the analysed volume, an alpha shape[22] which contained all points in a downsampled 

subset of the original .pos file was generated using the alphashape3d (v1.3) package[23] in 

R (v3.4.2). The alpha-hull allows a concave hull to be generated around a series of points 

and has been previously used to generate an outline around APT datasets[24].  

A key input parameter of the alpha-hull algorithm is the value of alpha (α). This determines 

the radius of the spheres that are used to generate the alpha-shape around the point cloud. 

Low values of alpha will lead to many volumes each containing few points. Meanwhile, high 

values of alpha will generate one volume containing all of the points, however, the shape 

may be “low resolution” and not accurately reflect the shape of the original point cloud. 

Figure 3 demonstrates how, when applied to an APT dataset, too small values of alpha (a, e, 

i) will lead to multiple volumes being created, whilst too large values of alpha (c, d, h, l) lead 

to a low resolution shape, which may not capture the concave curvature of the original data, 

being generated. It is important that a reasonable alpha value, one which generates a single 

volume but with high enough resolution, is used to generate the alpha shape. Note that 

some sampling of the data is required to enable the alpha shape to be generated within the 

RAM capacity of a desktop computer. Using an alpha value equal to the largest nearest 

neighbour distance (NND) between points in the sampled data should ensure that all points 

within the sampled data are contained within the alpha shape. Using the maximum NND 



means the alpha value scales with the selected sampling rate. The effect of sampling, 

coupled with choice of alpha, value is discussed in Section 4.2.1. 

 

Figure 3 Effect of varying sampling fraction and the alpha value used to generate the alpha-Hull around a dataset 
with a section removed. (a)-(d): Sampling = 0.0001, (e)-(h): Sampling = 0.0005, (i)-(l) Sampling = 0.002. 

Once the alpha surface had been generated, a test was performed to determine if all the 

vertices of each cluster were contained within the alpha surface. If any were found to lie 

outside of the surface, the cluster was defined as a potential edge cluster.  

A laptop computer with 16GB RAM and an Intel Core i7 CPU 2.60GHz duo core processor 

was used to generate alpha shapes around the datasets in this study. 

3 Theory and Calculation 
In an experiment, clusters may, or may not, intersect the edge of the analysed volume. 

Before calculating the cluster number density, it must first be decided whether calculations 

will included all clusters detected within the volume, or only those clusters whose centres are 

within the volume.  Since it is not possible to know whether the true centre of a cluster 

detected in an APT dataset lies within the reconstructed volume, all detected clusters should 

be utilised in number density calculations. 

If all of the detected clusters are used for the calculations and counted with equal weight 

when estimating the number density, an overestimate will be measured (assuming that all 

clusters are detected by the search algorithm). If edge clusters can be discriminated from 

those not on the edge, a more accurate estimate of cluster number, and therefore number 

density, can be made by multiplying by a correction factor: 

𝑁𝑇𝑟𝑢𝑒 = 𝑁𝑛𝑜𝑛𝑒𝑑𝑔𝑒 + 𝜅𝑁𝑒𝑑𝑔𝑒 

where the number of clusters whose true centre is contained within the sampled volume 

(𝑁𝑇𝑟𝑢𝑒) is given by the number of non-edge clusters (𝑁𝑁𝑜𝑛−𝐸𝑑𝑔𝑒) plus some fraction, 𝜅, of the 

number of edge clusters (𝑁𝐸𝑑𝑔𝑒), where κ is the fraction of edge clusters which have their 

true centre within the analysed volume. For a simple volume and a known number of 

clusters, the correction factor (κ) can be calculated by rearranging the previous equation: 

𝜅 =
𝑁𝑇𝑟𝑢𝑒 − 𝑁𝑁𝑜𝑛−𝐸𝑑𝑔𝑒

𝑁𝐸𝑑𝑔𝑒
 



For a sphere radius R and clusters radius r, if N clusters are placed with a centre between 

0 < x < R + r. Clusters with centre between R – r < x < R + r will be on the edge of the 

volume (Figure 1).  

The true number density (𝑛𝑑) should be the number of clusters (N) whose true centre is 

contained within the whole volume divided by the volume they are placed in: 

𝑛𝑑 =
3. 𝑁

4𝜋(𝑅 + 𝑟)3
 

Therefore, the number of clusters (𝑁𝑇𝑟𝑢𝑒) with their true centre within the sampled sphere 

radius R is given by the true number density times the sampled volume: 

𝑁𝑇𝑟𝑢𝑒 =
3. 𝑁

4𝜋(𝑅 + 𝑟)3
.
4

3
𝜋𝑅3 =

𝑁. 𝑅3

(𝑅 + 𝑟)3
 

Note that the geometric volume (4𝜋 3⁄ ) factor cancels out, meaning this result is true for 

cubic and other volumes as well. The number of non-edge clusters is simply those clusters 

with a centre less than the outer radius minus the cluster radius. This is given by the true 

number density times the inner volume: 

𝑁𝑁𝑜𝑛−𝐸𝑑𝑔𝑒 = 𝑛𝑑 .
4

3
𝜋(𝑅 − 𝑟)3 =

3. 𝑁

4𝜋(𝑅 + 𝑟)3
.
4

3
𝜋(𝑅 − 𝑟)3 =

𝑁. (𝑅 − 𝑟)3

(𝑅 + 𝑟)3
 

The number of edge clusters is simply the true number of clusters minus the non-edge 

clusters: 

𝑁𝐸𝑑𝑔𝑒 = 𝑁 −
3. 𝑁

4𝜋(𝑅 + 𝑟)3
.
4

3
𝜋(𝑅 − 𝑟)3 = 𝑁. (1 −

(𝑅 − 𝑟)3

(𝑅 + 𝑟)3) 

Then the correction factor above is given by: 

𝜅 =

𝑁. 𝑅3

(𝑅 + 𝑟)3 −
𝑁. (𝑅 − 𝑟)3

(𝑅 + 𝑟)3

𝑁. (1 −
(𝑅 − 𝑟)3

(𝑅 + 𝑟)3)
 

Which simplifies to: 

𝜅 =
1

2
−

3𝑟𝑅

2(𝑟2 + 3𝑅2)
 

Equation 1 

This factor is always less than 0.5 and tends to 0.5 with large R or small r. This agrees with 

the accepted procedure to count the non-edge clusters and add half of the count of edge 

clusters when performing number density calculations [25]. 

4 Results 

4.1 Simulated Data 
As described in section 2.1, two sets of simulations were made to validate the edge 

detection method and investigate the influence of edge clusters on the measured values. For 

both cases the number density, size and volume fraction are the same, only the measured 

composition is affected by the distribution of the solute within the clusters. 



4.1.1 Number density 
Table 2: Summary of the mean number of different types of cluster in the simulated dataset. These values were 
calculated based on the results from 2,000 simulations.  Uncertainty quoted is the standard error in the mean 
(SEM). 

Classification Truth table Cluster count 

Non-edge/Correct FF 20.6 ± 0.06 

Edge but classified non-edge TF 0.003 ± 0.001 

Non-edge but classified edge FT 0.60 ± 0.02 

Edge/Correct TT 16.0 ± 0.06 
Not detected ND 2.80 ± 0.04 

 

If there was perfect discrimination of whether a cluster’s true centre was inside the sampled 

volume or outside of it, then the number density could be measured exactly, however in 

practice this is not possible. As detailed in Section 3, clusters on the edge can be counted 

with a weight to give a more accurate estimate of the cluster count and therefore number 

density. In the simulated data, the ground truth of whether or not clusters are of edge type is 

known; this can be compared to the classification made by the alpha-hull method.  

A summary of the average number of clusters of each type in each simulation is given in 

Table 2. On average, the mean number of clusters that intersected the edge of the sampled 

volume per simulation was 18.8 ± 0.05 (SEM) and for non-edge clusters was 21.2 ± 0.05 

(SEM), where SEM is the Standard Error of the Mean. In 2000 simulations, 74,439 clusters 

were detected by the cluster search algorithm.  Of these, 41,271 non-edge clusters and 

31,976 edge clusters were correctly identified. 1,192 clusters were falsely identified as being 

edge while not actually being on the edge of the volume. This represents that the algorithm 

has a 98.4 ± 0.1 % accuracy with 95 % CI for determining whether detected clusters are 

edge or not; accuracy given by (TT+FF/total number of detected clusters). Figure 4 shows 

the classification of the simulated clusters based on their true centre position. Clusters with a 

radius position less than 17.5 or greater than 18 nm are classified correctly and those with a 

centre beyond 21.5 nm are rarely detected by the cluster search algorithm. Clusters with a 

centre between 17.5 and 18 nm are often classified as being edge type. These are false 

positives as only clusters with a centre position beyond 18 nm can be edge type. Possible 

reason that these false positives arise is discussed in Section 5.2. Additionally, 5 clusters 

were not correctly identified as being on the edge by the alpha-edge method when they 

actually were edge-type clusters. These TF classified clusters all had a true radius position 

between 18 and 18.2 nm. 



 

Figure 4: Classification of clusters as a function of their simulated centre position as a radius from the centre of 
the volume. FF are correctly identified non-edge clusters, FT are non-edge clusters classified wrongly as edge, 

TT are correctly identified edge and ND were not detected by the cluster search algorithm. 

The number density estimated using all detected clusters is 11.1 × 1023 clusters/m3 which is 

a 24 % over-estimate compared to the true number density of 8.97 × 1023 clusters/m3. 

However, if a correction factor (𝜅) of 0.5 is applied to the edge clusters, then a better 

estimate of 8.63 × 1023 clusters/m3 is given, this is a 4 % underestimate. The underestimate 

of number density comes from two issues: imperfect detection of some clusters that are 

present in the original data and classification as edge type. These are discussed in more 

detail later. 

4.1.2 Cluster size 

Figure 5 shows a histogram of the measured cluster size of both edge and non-edge 

clusters that were detected. Clusters which intersect the edge of the volume have a reduced 

size. The exact distribution of sizes depends on the cluster and volume shape. The non-

edge clusters have a binominal distribution of sizes, as measured by number of solute ions, 

because the clusters were generated from cubes containing a fixed number of randomly 

positioned atoms, from which spheres of radius 2 nm were cropped. Similarly, Figure 5 

shows the false-positive (FT) clusters have a size distribution which matches the true non-

edge clusters (FF). The size of the edge clusters can be described exactly by the product of 

the sphere-sphere intersection volume and the centre placing probability, which increases 

with radius squared. The detected edge clusters contained, on average, 47 % fewer ions 

than the non-edge clusters and had mean radii 17 % smaller (as measured by radius of 

gyration). Evidently, to correctly estimate the true cluster size distribution, the edge clusters 

should be discounted. 



 

Figure 5: Cluster size histogram (stacked) for all detected clusters. Bar fill colour indicates if the cluster was an 
edge cluster and whether it was assigned as an edge cluster. TT and FF equals correct classification, FT are 

false-positives; non-edge clusters falsely identified as edge clusters. 

4.1.3 Cluster Composition 
 

 

Figure 6: Stacked histogram of cluster composition of core ions.  

Figure 6 shows the composition of the clusters after the envelope and erosion steps of the 

cluster selection. Whilst the true composition of the clusters is 100 at.% solute, the 

measured composition is slightly lower because the implemented cluster search algorithm 

will include some matrix ions within the clusters. The distribution of composition of the non-

edge clusters results from the stochastic selection of atoms during the data generation. 

However, the edge clusters have a much broader distribution of compositions, many with a 

lower solute content and some with a higher solute content. Being on the edge of the data 



volume may slightly increase the overall solute fraction or it may greatly decrease the solute 

fraction. The increase occurs when the cluster closely approaches the edge and some 

matrix is removed. The solute fraction decreases when the cluster has more matrix-

containing surface area compared to the solute-rich volume. This effect is exacerbated for 

the core-shell simulation data, shown in Figure 7, where the measured composition of the 

cluster can greatly vary. The fraction of core ions (A) within the whole cluster should be 50 

at.%, but this can be increased or decreased depending on the location of the cluster with 

respect to the edge of the simulation volume. 

 

Figure 7: a) Composition of the cluster's core ions as a function of the simulated cluster centre for core-shell 
clusters. >18 nm centre position means increasing intersection with the edge of the volume. b) Stacked 

histogram of the core ion composition depending on the edge-type classification. The core composition is 50 at.% 
when not intersecting the edge. 

 

4.2 Experimental Data 
To demonstrate the suitability of the aforementioned protocol to experimental data, the 

method was applied to a dataset that contained 6.7 million detected ions. 505 clusters were 

identified in this specimen after cluster searches were performed.  Whilst the atomic density 

of the reconstructed volume (31.5 atoms nm3) is different to the atomic density of the 

simulated data, the authors do not believe that this will directly affect the results. 

4.2.1 Effect of Sampling Data 
As it took a long time (> 2 hours) for the alpha-hull algorithm to generate an alpha-shape 

around the atom probe reconstruction in the original .pos file, and due to RAM constraints, it 

was necessary to downsample the data. The effect of data downsampling on the alpha-

shape computation time and the number of edge-classified clusters was investigated. 

To investigate the relationship between downsampling and computational time for this 

dataset, the original data was randomly sampled 20 times at five different sampling fractions 

(0.02, 0.01, 0.005, 0.001, 0.0001). The time taken to generate an alpha-shape, using an 

alpha value of 𝛼 = 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷), around the remaining points and determine which 

clusters were wholly contained within this volume was recorded. Figure 8 (a) shows the 

effect that sampling fraction had on the time required to generate the alpha-shape and 

determine which clusters were edge clusters. There was a clear trend for increased time 

required to perform the algorithm as the level of downsampling became less aggressive.  



The number of edge clusters determined for each sampling fraction (0.02, 0.01, 0.005, 

0.001, 0.0001) was also recorded (Figure 8 (b)).  

 

 

Figure 8: Effect of varying sampling fraction on (a) time taken to perform algorithm and (b) the number clusters 

assigned as edge clusters for 𝛼 = 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷). Mean values and 95 % CI are displayed. (c) shows the original 

dataset and (d) shows the alpha-shape generated when using a sampling fraction of 0.0001 and setting 𝛼 =
𝑚𝑎𝑥(𝑁𝑁𝐷) 

The effect of the alpha value was then investigated by randomly sampling the dataset twenty 

times for each sampling fraction between 0.0001 and 0.01. For each sampled dataset, alpha 

shapes were then generated for alpha values equal to 𝛼 = 𝑥 × 𝑚𝑎𝑥(𝑁𝑁𝐷), with 𝑥 =

1, 2, 3, 𝑜𝑟 4. The number of clusters that were assigned as edge in each case was 

determined. Figure 9 shows the effect that different alpha values and levels of downsampling 

had on the number of edge clusters detected. When 𝛼 > 𝑚𝑎𝑥(𝑁𝑁𝐷), there was much lower 

variance in the number of clusters that were assigned as edge clusters for lower sampling 

fractions. The number of clusters assigned as edge clusters decreased as sampling fraction 

increased but converges after a sampling fraction of 0.005. 

 



 

Figure 9: The effect that varying sampling fraction and alpha value has on the number clusters assigned as edge 
clusters by the algorithm. Mean values and 95 % confidence intervals are displayed. 

4.2.2 Application to Experimental Data 
 

 

Figure 10: 5nm thick sections through an atom probe dataset showing (a) the distribution of ions and (b) clusters 

which are designated as edge (red) and non-edge (blue) 

 

When using a sampling fraction of 0.005 and 𝛼 = 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷) the algorithm took, on 

average, 81.3 seconds to identify 117 edge clusters within the dataset. Figure 10 (b) shows 



the clusters that were assigned as edge and non-edge clusters after the algorithm was 

applied. 

4.2.3 Application to Complex Shapes 
The method was also successfully used to identify edge clusters in a reconstruction that was 

complex in shape. The original dataset contained a carbide that, as it was enriched in Mn, 

interfered with the initial cluster search (Figure 11). Therefore, the carbide was removed 

from the APT dataset using an 18 at.% C isosurface. After the carbide was removed, cluster 

searches detected 356 clusters in the matrix (Figure 11 (c)). After downsampling to a fraction 

of 0.005 and setting 𝛼 = 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷), an alpha-shape was fitted to the matrix data and 89 

clusters were found to be on the edge of the dataset (Figure 11 (d)-(g)).  

 

Figure 11: (a) original data, (b) data after removal of isosurface region containing more than 18 at.% C, 
(c) the clusters detected in the matrix of the dataset, (d) alpha-shape generated around dataset after 

carbide removal. (e), (f), and (g) show the clusters that were defined as edge (red) and non-edge 
(blue) in 10nm sections of the y-z, x-z, and x-y planes respectively. 

4.2.4 Effect on Calculated Cluster Statistics 
After cluster searches had been performed on the dataset shown in Figure 8 (c), a cluster 

volume fraction of 2.45 % was measured.  The measured number density of clusters was 

2.4 x 1024 m-3. However, after edge clusters were identified and accounted for, a number 

density of 2.1 x 1024 m-3 was determined.  Calculated cluster sizes were also affected by the 

inclusion/exclusion of edge clusters in the calculations.  The edge clusters contained, on 

average, 286 ± 23 solute ions.  Meanwhile, non-edge clusters were larger and contained 349 

± 13 ions.  This is shown graphically for the clusters detected in eight datasets of this alloy in 

Figure 12.  The solute content fraction of the clusters was not significantly affected by the 

inclusion or exclusion of edge clusters (Figure 13). 



 

Figure 12: (a) Cluster size histogram (stacked) for all detected clusters (𝑁𝑚𝑖𝑛 = 25). Bar fill colour indicates if the 
cluster was assigned as an edge cluster. (b) Cumulative frequency plot for cluster sizes of edge and non-edge 

clusters. 

  

Figure 13: Stacked histogram of cluster composition of non-Fe ions (N.B. the majority of Fe ions detected in the 
clusters are likely the result of trajectory aberrations). 

 

 

5 Discussion 

5.1  Methodology 
A reproducible method for identifying edge clusters in simulated and real datasets has been 

presented. Downsampling real datasets is necessary for the algorithm to be performed in a 

reasonable time and an alpha value which generates one volume containing all of the 

sample points must be chosen.  These user-defined parameters must be carefully selected. 



5.1.1 Effect of Downsampling 
More aggressive downsampling of the original data has been shown to decrease the time 

required for the alpha shape to be generated and edge clusters to be identified (Figure 8 

(a)). As the number of clusters that must be tested to determine if they are edge or not 

remained constant, the main difference in time taken to identify edge clusters is the result of 

the time required to generate the alpha-shape around the data. In the future it may be 

possible to perform the inside/outside point test in a more computationally efficient way than 

is currently done by alphashape3d package that is utilised in this study, thus reducing the 

time required for the algorithm to be performed. 

As the downsampling becomes more aggressive there will be fewer points in the sampled 

point cloud. This is likely to cause the maximum nearest neighbour distance between ions to 

increase, hence increasing the alpha values used to generate the alpha-shape. To 

investigate algorithm performance, alpha-surfaces were generated for a variety of sampling 

levels at constant alpha-value of alpha = 100 nm, before a variety of alpha values were used 

at a fixed sampling fraction of 0.005. It was found that reducing sampling fraction, i.e. 

reducing the number of points in the sampled point cloud, was responsible for reducing the 

time taken to generate the alpha-shape. 

Figure 9 indicates that more edge clusters were detected as the original data was 

downsampled more aggressively. This was probably due to two reasons. Firstly, sampling 

artificially reduced the volume of the alpha-shape that was generated around the dataset. 

This reduction in volume may lead to clusters, which were not on the edge of the original 

dataset, being outside of the computed alpha-shape. In the most extreme case of 

downsampling, one ion would remain in the sampled dataset. The alpha-shape generated 

around this would encapsulate only one ion and all clusters would lie outside of this shape 

and be assigned as edge. Secondly, more aggressive downsampling can be expected to 

reduce the likelihood that the alpha-shape generated around the remaining points in the 

filtered .pos file is representative of the original reconstructed specimen shape. 

Mistakenly assigning several non-edge clusters as edge should not greatly affect size and 

composition calculations, since most datasets will contain many other clusters that can be 

used to determine these characteristics. However, due to the small analysed volume in APT, 

incorrectly assigning non-edge clusters as edge clusters may lead to underestimations in 

calculated cluster number densities. Meanwhile, not removing edge clusters prior to carrying 

out number density calculations will lead to an over-calculation of cluster number density. 

Since it is important to minimise the number of non-edge clusters that may be defined as 

edge, the level of applied downsampling should not be too aggressive. However, a suitable 

trade-off must be reached between reducing the probability of non-edge clusters being 

assigned as edge clusters and minimising the time taken to perform the algorithm. Figure 9 

indicates that the number of assigned edge clusters decreased significantly as the sampling 

fraction increased from 0.0001 to 0.001. Above 0.001, the number of assigned edge clusters 

was observed to decrease slightly, but the computational time significantly increased.  

Consequently, it was decided that a sampling fraction of 0.005 provides a reasonable 

balance of these considerations for this dataset. The optimal sampling fraction may vary for 

different datasets and is like to depend on the number of detected ions in the original 

dataset, as well as the complexity of the shape of the original dataset. It is recommended 

that a sampling fraction should be used such that there is not a great degree of variance in 

the number of clusters that are detected by the algorithm. 



5.1.2 Effect of alpha value 
Setting 𝛼 = 𝑚𝑎𝑥(𝑁𝑁𝐷) should generate one volume that contains all of the points in the 

sampled dataset. The alpha-shape will represent the shape of the sampled dataset with high 

resolution. However, due to the downsampling process, the remaining points and the 

generated alpha-shape will not necessarily be representative of the unsampled data. For 

example, using an alpha value of 𝛼 = 𝑚𝑎𝑥(𝑁𝑁𝐷) led to a large degree of variance in the 

number of clusters assigned as edge and many non-edge clusters being assigned as edge.  

Several of the generated alpha-shapes were not representative of the shape of the original 

dataset. The generated alpha-shape in Figure 8 (d) had voids passing through it and was 

clearly not representative of the original data. As this will lead to clusters being incorrectly 

assigned as edge, a larger value should be selected for this dataset. Figure 8 shows that, for 

sampling fractions above 0.001, alpha values of 𝛼 ≥ 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷)  did not significantly 

affect the number of clusters assigned as edge by the algorithm. Therefore, an alpha value 

of 𝛼 = 2 × 𝑚𝑎𝑥(𝑁𝑁𝐷) was used for this dataset. We propose an alpha value of 2 ×

𝑚𝑎𝑥(𝑁𝑁𝐷)  is a reasonable value of general applicability which scales well with the level of 

sampling used. 

5.2  Edge cluster effect: Simulated data 
The algorithm was shown to improve the accuracy of both size (Figure 5) and composition 

measurements of the clusters in the simulated datasets.  The measured composition of core-

shell clusters was shown to be particularly susceptible to error if edge clusters were included 

in the analyses (Figure 7).   

The measured number density of clusters was shown to be an overestimate of the true value 

when edge clusters were not accounted for, whilst the number density was underestimated 

when edge clusters were identified and accounted for using Equation 1. However, when 

edge clusters were accounted for, the accuracy of the number density measurement was 

increased. The underestimation in the calculated number density of the simulated datasets is 

due to the false-positives that are detected by the algorithm and due to the non-identification 

of clusters by the cluster search algorithm. The false-positive rate (FT) is where non-edge 

clusters are mistakenly identified as edge clusters. 

The false-positives are caused by alpha-shape underestimating the volume boundary 

because the input data is sampled. In the simulated data, these false-positives accounted for 

about 7 % of all the detected clusters, thus giving roughly a 4 % underestimate of the 

number density (when edge clusters are counted as a half). On average, the alpha-shape 

underestimated the true volume by 3.1 % in the simulated test cases shown here. However, 

if the shape of data is concave then volume may be under or overestimated by the alpha-

shape generated from the sampled points. Note that the volume of the dataset can be 

quickly and simply estimated using the total ionic volume, measured without sampling. This 

could be used to check the alpha-shape generated has a volume representative of 

unsampled data. 

The second issue relates to the detection of the clusters by the cluster selection algorithm. 

To limit the inclusion of clusters arising purely from statistical fluctuations in the bulk a 

minimum number of core ions is specified, Nmin [26]. In the simulated data a realistic value 

was chosen, resulting in about 3 non-detected clusters on the edge of the volume for each 

simulation. The effect of using a more sensitive cluster detection can be shown by including 

the non-detected clusters in the edge-cluster count. Then the number density estimate would 

be of 9.05 × 1023 clusters/m3, just 1 % over the true value. This highlights the issue of not 

selecting small clusters leading to an underestimate of the number density. However, these 



clusters should not be included in further measurements because they will bias the cluster 

size and composition measurements. 

5.3  Edge cluster effect: Irradiated steel data 
When applied to real data in Figure 8 (c), the mean measured cluster size was shown to 

increase if edge clusters were identified and removed from the analysis.  This is due to the 

clusters detected on the edge of the dataset only containing a fraction of the ions that were 

present in the cluster prior to undergoing APT analysis.  The measured number density of 

clusters was found to decrease by around 13 % when edge clusters were accounted for.   

The composition of the clusters in the real dataset was not observed to be significantly 

affected by the inclusion/exclusion of edge clusters.  The clusters did not display a core shell 

structure and this may be one of the reasons for this observation. However, the edge 

clusters did display a slightly higher variance in their compositions than the non-edge 

clusters. 

5.4  Applicability of method 
The ability to apply the proposed methodology to automatically and reproducibly detect edge 

clusters in a regularly shaped APT specimen, within a reasonable time frame, has been 

demonstrated. Accounting for edge clusters has been shown to improve the accuracy of size 

and compositional measurements in simulated datasets.  Meanwhile, failure to account for 

edge clusters has been shown to lead to an overestimate in cluster number density 

measurements. 

It has also been shown that edge clusters in real datasets can be identified and accounted 

for, including in irregularly shaped and concave specimens.  Irregularly shaped datasets are 

frequently generated when isosurfaces are used to extract chemically enriched regions, such 

as carbides, from the original .pos file. As these chemically enriched volumes interfere with 

maximum separation cluster searches, it is often necessary to remove them prior to 

performing cluster analyses. It is desirable to determine which clusters are on the edge of 

the cropped volume not only for accurate cluster calculations, but also because clusters that 

have nucleated at the carbide-matrix interface may have different compositions and sizes to 

those that nucleated homogeneously in the matrix. 

To generate the alpha-shape, which defines the surface of the data volume, some degree of 

downsampling was necessary. The number of identified edge clusters was shown to 

converge once the sampling rate exceeded 0.001 (0.1 % of the data). The measured 

maximum nearest neighbour distance of the sampled data can be used to give a sampling-

fraction independent alpha value to use to generate the alpha shape. With 𝛼 ≥ 2 ×

𝑚𝑎𝑥(𝑁𝑁𝐷) found as a generally applicable value. These values should be appropriate for 

any experimental data. However, where high-accuracy of sharp concave features is 

required, smaller alpha values are required and, therefore, the data should be sampled less 

aggressively. 

5.5  Considerations 
Whilst the applicability of the proposed method has been demonstrated via application to 

simulated and real data, there are several necessary considerations. 

Estimating the sample boundary using an alpha shape of sampled data will always be an 

approximation, and the exact shape will be stochastic due to the random sampling. As 

shown in Figure 4, some clusters will be falsely identified as being edge and the sampling 

fraction and alpha value will affect the number of clusters assigned as edge. This 

conservatism should not affect mean size and composition calculations, but may lead to an 



under-calculation in the measured number density. However, not removing edge clusters will 

lead to more erroneous over-calculated number densities. 

Reasonable values for the alpha value and sampling fraction can be determined using the 

approaches shown in this paper. For increased confidence a convergence test of alpha and 

sample fraction should be performed. More complex computational approaches may 

eliminate the need for sampling the data [27], however the sampling method presented here 

is quick and gives reasonable results in a few seconds. 

6 Conclusions 
In this study, the effect that edge clusters can have on atom probe tomography data 

analyses has been investigated. It has been found that: 

 Failure to identify and account for edge clusters can reduce the accuracy of the 

number density, size, and compositional calculations. 

 A novel method has been developed for automatically and reproducibly identifying 

clusters on the edge of simulated atom probe datasets. The algorithm can be applied 

in a timeframe of the order of two minutes on a desktop computer. 

 These clusters were then accounted for in number density, size, and compositional 

calculations. 

 The same algorithm has been successfully applied to real datasets, including 

datasets of complex shape. The effect of accounting for these edge clusters on 

number density, size and compositional measurements has been investigated in one 

alloy. 

In conclusion, identifying and accounting for edge clusters is an imperative step if one is to 

accurately determine the characteristics of clusters present in APT datasets. This present 

work provides a much-needed development that will contribute towards improving the 

accuracy of quantitative results from APT data. 
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