Analysis of LIBS amino acid spectra and the impact of
neighborhood size on the efficacy of nonlinear analysis
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Abstract
In recent work we explored the impact of LIBS spectra on suitable neighborhood size over which to consider pattern phenomena, if nonlinear methods capture pattern phenomena with increased efficacy, and how they improve
classification and identification of compounds. We analyzed four amino acids, polysaccharide, and a control group, water. We developed an information theoretic method for measurement of Laser Induced Breakdown Spectroscopy
(LIBS) energy spectra, implemented manifold methods for nonlinear dimensionality reduction, and found while clustering results were not statistically significantly different, nonlinear methods lead to increased classification
accuracy. The goal of the poster is to discuss recently published results.
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Results
LLE

Shannon Entropy of a discrete
random variable 𝑋 is:
𝐻 𝑋 =− 𝑁
𝑖=1 𝑝 𝑥𝑖 log 𝑝(𝑥𝑖 ) ≥ 0
such that lim+ 𝑝 log 𝑝 → 0.

• Find 𝐾 nearest nbhd for each point 𝑥𝑖 ∈ 𝑋.

LIBS Experimental Setup.

High intensity peaks of D-Serine
(red) at certain λ regions most
likely due to micro-well influence.

LIBS is a powerful analytical technique that provides
information about the elemental composition of a
given sample. The method uses an intense short
laser pulse to break down the matrix of the target
and to create a short-lived micro-plasma. During the
cooling of plasma, atomic, ionic, and occasionally
molecular constituents emit the discrete spectra
which is further collected and analyzed, allowing
characterization of the sample content.

• Compute a set of weights 𝑊 for each point that best
describe the point as a linear combination of its
neighbors. Solve for reconstruction weights 𝑊.
• Find embedding 𝑌 by using an eigenvector based
optimization
technique
which
minimizes
reconstruction loss.
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Classification

PCA & cMDS are linear methods that employ
pairwise comparisons. PCA uses covariance while
cMDS uses pairwise distances ( dissimilarities). Both
yield similar results when Euclidean distance is used.

In support vector machine (SVM), decision surface
separating the classes is a hyperplane 𝑤 𝑇 𝑥 + 𝑏 = 0
where 𝑤 is a weight vector, 𝑥 is an input vector, and 𝑏
is a bias. The vectors that define the hyperplane are
the support vectors. The problem can be expressed in
dual formulation with 𝑤 = 𝑚
𝑖=1 𝛼𝑖 𝜑(𝑥𝑖 ) as:

• Compute a nbhd graph 𝐺 with edge length as
Euclidean distance 𝑑𝑋 (𝑖, 𝑗) for neighbors 𝑖 & 𝑗.
• Compute geodesic distance 𝑑𝐺 (𝑖, 𝑗) between all
pairs using Dijkstra or Floyd-Warshall algorithm.
• Find embedding 𝑌 by applying cMDS to 𝑑𝐺 .
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𝑚𝑖𝑛𝛼 𝐷 𝛼 =
𝑖,𝑗 𝛼𝑖 𝛼𝑗 𝜑 𝑥𝑖 𝜑 𝑥𝑗 −
such that 𝑖 𝛼𝑖 = 0, 0 ≤ 𝑦𝑖 𝛼𝑖 ≤ 𝐶

𝑖 𝑦𝑖
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𝛼𝑖

with dual decision function: f x = 𝐾 𝑥𝑖 , 𝑥 + b
where 𝐾 𝑥𝑖 , 𝑥 = 𝜑 𝑥𝑖 . 𝜑 𝑥 is the kernel function, 𝑚 is
the number of support vectors, and 𝛼 Lagrangian
multipliers.

1. LIBS pattern phenomena are nonlinear.
2. k-neighborhood size:
a. for inter sample variabilities is [8; 15].
b. for intra sample variabilities is 𝑘 > 15.
3. Identified micro-wells influence on D-Serine spectra.
4. Future work will comprise remaining amino acids.

Bibliography

𝑑𝑖 is the within-to-between cluster distance

PCA & cMDS

• Find 𝐾 nearest nbhd for each point 𝑥𝑖 ∈ 𝑋.

Expected Total Intensity (on x-axis)
w.r.t. Spectral Ranges for D-Serine.

log Entropy Density Plots for each
amino acid. Highest peaks appear for
D-Serine (red) ranging up to −2.5.

where

For a given 𝐷 dimensional dataset 𝑋 find low
dimensional, 𝑑(≪ D), embedding 𝑌 by algorithm(s):

ISOMAP

𝑝→0

Clustering

ratio for the 𝑖 𝑡ℎ and 𝑗𝑡ℎ clusters, 𝑑𝑖 is the average
distance between each point in the 𝑖 𝑡ℎ cluster and the
centroid of the 𝑖 𝑡ℎ cluster, 𝑑𝑗 is the average distance
between each point in the 𝑖 𝑡ℎ cluster and the centroid
of the 𝑗𝑡ℎ cluster. 𝑑𝑖𝑗 is the Euclidean distance between
the centroids of the 𝑖 𝑡ℎ and 𝑗𝑡ℎ clusters.

Methods

Conclusion

SVM classification accuracies in errorbars. Here manifold neighborhood size is
200. LLE achieves the highest accuracy for polynomial kernel with degree 5
(magenta) suggesting the intrinsic nonlinearity associated to LIBS dataset.
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