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An innovative method for separating overlapping latent fingerprints, using laser-Induced plasma spectroscopy (LIPS) combined
with multivariate analysis, is reported in the current study. LIPS provides the capabilities of real-time analysis and high-speed
scanning, as well as data regarding the chemical components of overlapping fingerprints. These spectra provide valuable chemical
information for the forensic classification and reconstruction of overlapping latent fingerprints, by applying appropriate multivariate
analysis. This study utilizes principal-component analysis (PCA) and partial-least-squares (PLS) techniques for the basis classification
of four types of fingerprints from the LIPS spectra. The proposed method is successfully demonstrated through a classification
example of four distinct latent fingerprints, using discrimination such as soft independent modeling of class analogy (SIMCA)
and partial-least-squares discriminant Analysis (PLS-DA). This demonstration develops an accuracy of more than 85% and is
proven to be sufficiently robust. In addition, by laser-scanning analysis at a spatial interval of 125 pum, the overlapping fingerprints
were separated as two-dimensional forms.

Keywords: LIPS (laser-induced plasma spectroscopy), Latent fingerprint, Overlapping fingerprint, PCA (principal component
analysis), Multivariate analysis
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(b) LIPS scanning system
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Fig. 1. (a) Sequence of preparation of fingerprint on aluminum plate, and (b) LIPS experimental setup.
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Fig. 2. Plasma emission spectra lines of four types of latent
fingerprints.
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Fig. 3. (a) The results of PCA plot, (b) the results of extracted PCs, (c) the results of PLS method, and (d) the PLS loading plot.
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Table 1. The results of SIMCA

(a) Cross-validation

(b) External-validation

Type Correct-classification| Mis-classification | Un-classification Type Correct-classification | Mis-classification | Un-classification
Fingerprint 1 0.9010 0.0320 0.0670 Fingerprint 1 0.8440 0.1140 0.0420
Fingerprint 2 0.9327 0.0333 0.0300 Fingerprint 2 0.8427 0.1313 0.0260
Fingerprint 3 0.8750 0.1000 0.0250 Fingerprint 3 0.8227 0.1433 0.0340
Fingerprint 4 0.9060 0.0820 0.0120 Fingerprint 4 0.8540 0.1320 0.0140
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Fig. 4. Model distance using SIMCA method.

Table 2. The results of PLS-DA

(a) Cross-validation test

(b) External-validation test

Type Correct-classification | Mis-classification | Un-classification Type Correct-classification | Mis-classification | Un-classification
Fingerprint 1 1.0000 0.000 0.0000 Fingerprint 1 0.9333 0.0333 0.0333
Fingerprint 2 0.8667 0.1230 0.0000 Fingerprint 2 0.7980 0.1667 0.0353
Fingerprint 3 0.9667 0.0210 0.1200 Fingerprint 3 0.8667 0.0987 0.0346
Fingerprint 4 0.9000 0.0920 0.0080 Fingerprint 4 0.8333 0.0667 0.1000
BE Aolwl 93% ol4to &, H|wZ SIMCA AlF EAo| 33. 43 /%7 12 22
nEele W s BRs) dojui AL Belsic) 47 A2e] ZX7} ThE <, PCA, SIMCA, 2 PLS-DA
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Fig. 5. A process for the separation of overlapping fingerprints.
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Fig. 6. Separation of overlapping latent fingerprints using multivariate analysis.
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