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Summary

We begin by identifying peaks within the spectrum of a sample of
CuSi produced using Atom Probe Tomography. Our algorithm is
designed to recognize features within the graphical spectrum math-
ematically, over several orders of magnitude of peak height. Using
the identified peaks, we consider ways to model material composi-
tion more accurately by dissociating overlapping peak effects using
Bayesian modeling.

Peak Identification
There are several obstacles to identifying peaks in APT data.

1. Several different peak shapes (Figure 1).

2. Significant “noise” that varies with overall count

3. Peak effects overlap

4. Peak heights vary dramatically along the spectrum, but a peak with
500 counts may be as important as a peak with 50,000 counts
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Figure 1: Some of the Peak Profiles Present in APT Spectra

The peak identification algorithm must work well on multiple peak
profiles, in addition to identifying peaks of vastly different magni-
tudes.

Peak ID Algorithm

(1) Smooth the count data by local averaging to reduce background
variation (default over 21 points)

(2) Use the maximum over a small range of points (default 41 points)
to measure count extrema that may indicate the presence of a
peak

(3) Use the median of the maximum calculated in (1) to approximate
the local baseline (default window 400 points)

(4) Subtract (3) from (2), resulting in an indicator of peakedness

(5) If (4) is sufficiently large (default above the 97.5% quantile) and
wide (default 2x range of maximum calculation), there is a po-
tential peak at that position

Goal for Peak Dissociation

As peaks overlap, it becomes important to dissociate the effects of adjacent peaks, with minimal bias.
Currently, atoms are allocated to the closest leftmost peak, as shown in Figure 2 (a). By predicting
outward from the right slope of the peaks, we can produce much more accurate estimates of material
composition.

(a) Current Method - Truncation at new peak (b) Proposed Method - Extrapolation from peak slope

Figure 2: The current method of determining how many counts are in one peak leads to vast distortions
in the number of counts of overlapping peaks, but the new method produces more accurate estimates
by removing the effects of other peaks

Figure 3: Peak Identification Algorithm Results: The peak identification algorithm locates all peaks
that are visible to the naked eye, including peaks of vastly different orders of magnitude.

Future Work - Bayesian Modeling of Peak Counts

Fitting curves to peaks to predict peak count introduces modeling error. In addition to modeling error,
there are also background counts that do not contribute to any particular peak. Subtracting these total
counts off induces additive errors that are difficult to estimate or control.

We will use Bayesian hierarchical regression to fit curves of the form

yi j ∼ N
(

exp
{

a j b j e−b j (xi−k j)
}
,σ 2
)

k j ∼ N(p,q) σ 2 ∼ InvGamma(r,s)
a j ∼ Unif(t,u) b j ∼ Unif(v,w)

where hyperparameters are chosen based on empirical simulation from the data file.

The distribution of these yi j induces a distribution of pi j, the proportion of counts at xi that belong to peak
j.

Figure 4: The calculated yi j induce pi j, the proportion of counts at a point i attributable to peak j. Using
MCMC we can estimate the distribution of the pi j

Using the induced pi j, it should be possible to model ci j, the counts at xi that can be attributed to peak j,
and then model N j, the total number of counts that belong to peak j and obtain upper and lower bounds
for each N j.

Conclusions & Potential Applications

The peak finding algorithm combined with the application of Bayesian methods to TOF spectra should
produce a much more accurate estimate of the composition of the sample, allowing for a more informed
exploration of the properties and crystal structure of the material. In particular, the automation of this
process has the potential to result in vastly increased resolution and accuracy in determining the compo-
sition of the material, due to the ability to detect peaks orders of magnitude smaller than major peaks in
the spectrum. This increased accuracy is particularly relevant to the testing and development of designer
materials that can be “doped” with trace elements to produce very specific properties.
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