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Abstract The potential of laser-induced breakdown spec-
troscopy (LIBS) to discriminate biological and chemical
threat simulant residues prepared on multiple substrates and
in the presence of interferents has been explored. The
simulant samples tested include Bacillus atrophaeus spores,
Escherichia coli, MS-2 bacteriophage, α-hemolysin from
Staphylococcus aureus, 2-chloroethyl ethyl sulfide, and
dimethyl methylphosphonate. The residue samples were
prepared on polycarbonate, stainless steel and aluminum
foil substrates by Battelle Eastern Science and Technology
Center. LIBS spectra were collected by Battelle on a
portable LIBS instrument developed by A3 Technologies. This
paper presents the chemometric analysis of the LIBS spectra
using partial least-squares discriminant analysis (PLS-DA).
The performance of PLS-DA models developed based on
the full LIBS spectra, and selected emission intensities and
ratios have been compared. The full-spectra models generally
provided better classification results based on the inclusion of
substrate emission features; however, the intensity/ratio models
were able to correctly identify more types of simulant residues
in the presence of interferents. The fusion of the two types of
PLS-DA models resulted in a significant improvement in
classification performance for models built using multiple
substrates. In addition to identifying the major components
of residue mixtures, minor components such as growth media
and solvents can be identified with an appropriately designed
PLS-DA model.
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Introduction

The development of reliable sensors to detect signs of
terrorist activity is a high priority for the military and
Homeland Security. In addition to the pressing need for
explosives detection, the use of Sarin gas in the 1995 Tokyo
subway attack and the distribution of anthrax spores
through the US Postal Service in 2001 demonstrate the
immediacy of the need for chemical and biological
warfare agent sensors as well. Laser-induced breakdown
spectroscopy (LIBS) has been investigated as a sensor
for hazardous materials analysis. LIBS is a spectroscopic
analysis technique that uses the light emitted from a
laser-induced microplasma to determine the composition
of the sample based on elemental and molecular
emission intensities [1, 2]. LIBS provides real-time
detection of solids, liquids, and vapors without the need
for sample preparation and can be configured for standoff,
laboratory close-contact, or portable detection. A number
of groups have demonstrated the capability of LIBS for
chemical [3–5], biological [6–18], and explosive detec-
tion [19]. With the exception of explosive residue
detection, most of the studies on chemical and biological
threat detection with LIBS have concentrated on the
discrimination of bulk material (or on aerosolized par-
ticles, e.g., [20–23]).

Recent advances in chemometric analysis of LIBS
data have enabled the discrimination of a variety of
complex molecules and materials [7, 9, 16, 18, 19, 21,
24–27], despite the fact that LIBS is essentially an
elemental analysis technique. Chemometric analysis
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techniques that have been applied to LIBS for discrim-
ination include principal components analysis (e.g., [7,
25, 28, 29]), soft independent method of class analogy
(e.g., [24, 25, 28]), discriminant function analysis (e.g.,
[12, 30]), and partial least-squares discriminant analysis
(PLS-DA, e.g., [16, 19, 27]). Our group at the US Army
Research Laboratory (ARL) has had the most success
with PLS-DA, particularly for explosive residue detec-
tion applications.

PLS-DA is a multivariate inverse least-squares discrim-
ination method used to classify samples [31, 32]. Predictor
variables called latent variables (LV) are calculated based on
linear combinations of the input variables in order to
maximize the variance between sample classes. LIBS spectra
typically have large intraclass variance due to shot-to-shot
variability. Single-shot LIBS spectra of residues have even
larger intraclass variability because the residue is often
heterogeneously distributed on the substrate. A technique that
maximizes the interclass variability, such as PLS-DA, is
therefore important for good discrimination of residues with
LIBS. The optimal number of LV for each PLS-DA model is
determined by the point at which increasing the number of LV
incorporates noise and other non-relevant information into the
fit. Including too many LV could lead to overfitting in the
model; overfitting can be avoided by testing the model
with additional sample spectra not used to train the
model [33]. The “variable importance in projection” (VIP)
scores are calculated for each class and are essentially a
weighting of the regression vectors showing the variables
that are most important for separation between the classes
in the model [34, 35]. A variable with a VIP score close to
or greater than 1 can be considered important in a given
model. Another output of the PLS-DA calculation is the Y
predictor matrix used to estimate class affiliation. Un-
known samples can be tested against the model, and the
model will provide predictions about class designations. A
threshold to determine whether a sample is in the class is
established by the model using Bayesian statistics in order
to minimize the number of false positives and false
negatives. The model also calculates the percent predicted
probability that a test sample belongs to each class in the
model.

In this study, we applied PLS-DA techniques used to
discriminate explosive residues on multiple substrates
[36] to the problem of chemical and biological warfare
agent simulant residue detection in the presence of
interferents on multiple substrates. This is a particularly
challenging problem for LIBS—in addition to discrimi-
nating complex chemical and biological materials using
only atomic and molecular emission intensities, the
presence of emission features and matrix effects [37] from
the interferents and substrates greatly complicates the
LIBS spectra.

Experimental

As part of a study funded by ARL (Battelle Study No.
B027-G664451), the Battelle Eastern Science and Technol-
ogy (BEST) Center Facility generated a library of laser-
induced breakdown spectra using simulants for chemical
and biological agents as well as selected interferents
dispensed onto 1″×1″ substrate coupons made of polycar-
bonate, stainless steel, and aluminum foil. The polycarbon-
ate and stainless steel coupons had a protective coating that
was removed immediately prior to use, while the aluminum
foil coupons were cleaned with 70% isopropanol. Potential
environmental interferents selected for this study included
dolomitic limestone (Lime, NIST Standard Reference
Materials, Catalog No. SRM 88b) and ovalbumin (Ova,
Fisher Catalog No. BP2535-5). Table 1 lists the biological
and chemical agent simulants, concentrations (in colony-
forming units or plaque-forming units), and sources.
Controls for the simulants included: Luria broth (Luria,
Growcells Catalog No. MBLE-3030), inoculation control
for MS-2 bacteriophage; 1× phosphate-buffered saline with
1% bovine serum albumin (BSA), inoculation control for
α-hemolysin; and 1 M chloroform (MP Biomedical Catalog
No. 194002), inoculation control for 2-chloroethyl ethyl
sulfide (CEES). The substrate coupons were inoculated ten
times with 10-μL droplets of the simulant, control, or
interferent. For mixtures, the coupon was first inoculated
with the simulant or control, and then 100 μL of the
interferent was added directly to the simulant or control.
The samples were dried overnight in a Biological Safety
Cabinet prior to acquisition of the LIBS spectra.

The library of single-shot LIBS spectra was acquired by
Battelle personnel using the LIBS Pelicase PL100-GEO
instrument developed by A3 Technologies. The PL100-
GEO instrument is a compact LIBS system with a 25-mJ
laser (1,064 nm) and multi-channel CCD spectrometer with
continuous wavelength coverage from 195 to 966 nm.
Seventy-two unique residue/substrate combinations were
obtained (Table 2). The library of spectra was then provided
to ARL for analysis. PLS-DA analysis was performed using
the PLS_Toolbox 5.0.3 software (Eigenvector Research,
Inc.).

Results and discussion

Assignment of spectral features

The first step in the analysis of the data provided by
Battelle was to identify the emission features in the LIBS
spectra. Since the substrate emission lines were also present
in the LIBS spectra of the residues, spectra of blank
substrate coupons were used to determine the spectral
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contribution for each substrate. Fig. 1 shows typical
emission spectra for the three substrates. While the
polycarbonate and aluminum spectra contain relatively
few strong emission lines, the stainless steel spectra
consists of many strong emission lines, primarily due to
Fe. The stainless steel spectra also contained emission lines
from Cr, Mn, Ca, H, K, Na, O, and N. The O and N
emission lines are primarily from the surrounding air, while
Ca, Na, and K are common contaminants. Emission

features in the polycarbonate spectra include C, C2, CN,
H, Ca, Na, and O. The C2 emission is likely due to both
contributions from ablated molecular fragments and recom-
bination reactions; however, since polycarbonate does not
contain any N (only C, H, and O), the CN emission is due
to recombination reactions with atmospheric N [38]. The
aluminum spectra contain Al, Mg, Si, Sr, C, CN, H, Ca, Na,
K, and O emission lines. The presence of C, CN, and H in
the aluminum spectra indicates that there was some organic

Table 2 Residue/substrate sample types (no. of single-shot LIBS spectra acquired listed in parentheses)

Aluminum substrate Steel substrate Polycarbonate substrate

Pure residues Mixtures Pure residues Mixtures Pure residues Mixtures

Blank (83) Al+BA+Lime (30) Blank (34) Steel+BA+Lime (30) Blank (25) Poly+BA+Lime (30)

BA (30) Al+BA+Ova (30) BA (30) Steel+BA+Ova (30) BA (30) Poly+BA+Ova (30)

CEES (30) Al+CEES+Lime (30) BSA (30) Steel+BSA+Lime (30) BSA (30) Poly+BSA+Lime (30)

Chl (30) Al+CEES+Ova (30) CEES (30) Steel+BSA+Ova (30) CEES (33) Poly+BSA+Ova (30)

Lime (30) Al+Chl+Lime (30) Chl (33) Steel+CEES+Lime (28) Chl (32) Poly+CEES+Lime (33)

Ova (30) Al+Chl+Ova (30) DMMP (65) Steel+CEES+Ova (36) DMMP (79) Poly+CEES+Ova (31)

E. coli (30) Steel+Chl+Lime (29) E. coli (35) Poly+Chl+Lime (28)

Hemo (35) Steel+Chl+Ova (31) Hemo (35) Poly+Chl+Ova (28)

Lime (52) Steel+DMMP+Lime (78) Lime (29) Poly+DMMP+Lime (37)

Luria (35) Steel+DMMP+Ova (91) Luria (28) Poly+DMMP+Ova (35)

Ova (19) Steel+E. coli+Lime (30) Ova (32) Poly+E. coli+Lime (31)

Phage (29) Steel+E. coli+Ova (31) Phage (28) Poly+E. coli+Ova (32)

Steel+Hemo+Lime (30) Poly+Hemo+Lime (35)

Steel+Hemo+Ova (30) Poly+Hemo+Ova (30)

Steel+Luria+Lime (28) Poly+Luria+Lime (30)

Steel+Luria+Ova (32) Poly+Luria+Ova (34)

Steel+Phage+Lime (30) Poly+Phage+Lime (28)

Steel+Phage+Ova (29) Poly+Phage+Ova (29)

Chl chloroform

Table 1 Biological and chemical agent simulants

Biological/chemical agent Description Concentration Source

Bacillus atrophaeus (BA) spores Simulant of Bacillus anthracis
(anthrax) spores

5.5×106 CFU/coupon Internal Battelle source

E. coli Simulant for Gram (−)
bacterial
biothreat agents

4.0×107 CFU/coupon ATCC catalog no.15597

MS-2 bacteriophage (Phage) Simulant of viral select agents
such as Variola virus
(smallpox)

2.8×1010 PFU/coupon ATCC catalog no. 15597-
B1

α-Hemolysin from Staphylococcus aureus
(Hemo)

Simulant for biological toxins
such as botulinum
neurotoxin

0.1 mg/mL Sigma catalog no. H9395

2-Chloroethyl ethyl sulfide (CEES) Simulant for mustard agent Diluted in chloroform to
250 mg/mL

Sigma catalog no.
242640

Dimethyl methylphosphonate (DMMP) Simulant for the nerve
agent sarin (GB)

Diluted in water to 250 mg/mL Sigma catalog no.
D169102

CFU colony-forming units, PFU plaque-forming units
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contamination on the foil, either from the manufacturing
process or from the cleaning treatment with isopropanol.

A total of 188 emission lines from 20 atomic and
molecular species were identified from the LIBS spectra of
the residues based on published atomic [39] and molecular
[40] databases. Fig. 2 shows some examples of residue
spectra on different substrates. While some residues such as
the α-hemolysin were relatively opaque to the 1,064-nm
laser and suppressed the substrate emission lines, other
residues such as the ovalbumin were transparent to the laser
and resulted in strong substrate emission. The determina-
tion of whether emission lines originated from the residue

or the substrate was made based on the comparison of the
residue spectra on different substrates. For example, Fig. 3
shows the spectra of dimethyl methylphosphonate (DMMP)
on (a) steel and (b) polycarbonate. Since the steel contains
Cr, it is not obvious from Fig. 3a that the DMMP residue
contains Cr. By comparing the spectra of DMMP on
polycarbonate to the blank polycarbonate, however, the
presence of Cr in DMMP becomes evident.

Table 3 lists the species observed in the simulants,
controls, and interferents. Singly ionized Ca, Fe, Mg, Mn,
and Zn emission lines were observed in addition to
emission from the neutral species. Although Sr I was not

Fig. 1 LIBS spectra of the a
stainless steel, b polycarbonate,
c aluminum foil substrate cou-
pons. Prominent atomic and
molecular emission features
have been labeled

Fig. 2 LIBS spectra of simulant
residues on substrates (black
traces): a BA (red) on alumi-
num, b Hemo (orange) on steel,
and interferent residues c Ova
(aqua) on steel, d Lime (blue)
on polycarbonate
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observed, the strong Sr II line at 407.77 nm was. CaOH
emission at 554 nm and 622 nm was also identified in the
limestone spectra and has been previously observed in other
materials containing strong Ca lines [16, 27]. While the
weak P emission was observed as expected in the DMMP
and BSA (as well as the α-hemolysin, which contains the

BSA), no Cl or S emission was observed in the CEES
spectra. Because the strongest transitions of Cl and S in the
wavelength range of the spectrometer have upper levels that
lie 10.4 and 7.87 eV above the ground state, they are
difficult elements to detect with LIBS in solid materials
under air [3], especially with the relatively low laser energy
(25 mJ) used in this study. The presence of Al, Cr, Li, Mg,
and Zn in the DMMP spectra suggests that the sample
contains metallic contamination from an unknown source.
Spectral features of the simulant residues were extremely
difficult to discern in the presence of the interferents, as
shown in Fig. 4. Emission features of the substrate, CEES
residue, and Lime interferent are all present in the LIBS
spectra of the mixture of CEES and Lime on steel (Fig. 4c).

Chemometric model development

In order to classify the LIBS spectra of samples based on
the simulant residues in the presence of interferents and
different substrates, advanced chemometric analysis techni-
ques were required. Several methods for building the PLS-DA
model were developed and tested, as shown in Fig. 5. The
first choice for building a PLS-DA model is the selection of
input variables. The simplest choice is to use the full LIBS
spectra. Based on our previous success discriminating
explosive residues using pre-selected emission intensities
and ratios, we also generated input variable data sets
using the emission intensities and ratios of the simulant
residues studied in this work. Models constructed using
pure residue data from a single substrate were tested and
compared with models based on multiple substrates. The
independent test sets consisted of residue mixtures on the
different substrates. The results from the two types of
models (full-spectra vs. intensities/ratios) were fused

Fig. 3 LIBS spectra of a DMMP (solid/orange) on steel (dashed/
black) and b DMMP (solid/red) on polycarbonate (dashed/black). The
blue sticks represent the locations of the Cr emission lines according
to the NIST database [39]

Hemo BA Phage CEES DMMP E. coli Chl Luria BSA Lime Ova

C C C C Al Ca C C C Al C

Ca C2 Ca C2 C Cr C2 Ca Ca C Ca

H Ca K Ca Ca Fe Ca K H Ca CN

K CN Mg CN Cr K CN Na K CaOH H

Mg H Na H H Na H Mg CN K

Na K Na K Na Na Fe Na

P Mg Li P H

Si Mn Mg K

N N Li

Na Na Mg

O O N

Si P Na

Zn O

Si

Sr

Table 3 Atomic and molecular
emission species observed in
LIBS spectra of the simulants,
controls, and interferents
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together to create a third type of model. The following
sections describe the methods used to construct the
models and the results obtained for each type of model.

Input variable selection

There are a number of advantages to using the full LIBS
spectra as input variables for the PLS-DA model. Minimal
preprocessing is required—for this work, the full spectra
were normalized and mean-centered (i.e., the mean for all
the spectra at each wavelength was subtracted from each
individual spectrum so that the data at each wavelength
represents the deviation from the average spectrum in the
training data). In addition, a significant amount of variables

are available in the full spectra. The LIBS spectra from the
PL100-GEO instrument contain 3,818 intensity channels,
but broadband LIBS spectra from different types of
spectrometers can contain tens of thousands of intensity
channels. Significant computational power is therefore
needed for large models containing many full broadband
spectra. While the full spectra contain a considerable
amount of relevant information, they also contain emission
lines from the substrate and atmosphere, and many
channels contain only baseline noise. Classification of the
samples using full spectra is often based on matrix effects
rather than the residues of interest. Thus, creating a robust
model able to correctly classify spectra acquired under
different experimental conditions is difficult [27, 41].

Fig. 4 LIBS spectra of the
residues a CEES, b Lime, and
c CEES+Lime on the steel
substrate

Fig. 5 Flowchart for the devel-
opment (shaded portion) and
testing of PLS-DA models to
discriminate simulant residues
on multiple substrates in the
presence of interferents
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By using selected emission intensities relevant to the
samples of interest, emission lines due solely to substrates
or interferents can be ignored. As in previous studies by our
group, the background-corrected peak intensities of indi-
vidual emission lines were combined to create summed
intensities for each of the observed species (e.g., the
summed H intensity was calculated by adding the intensi-
ties of the emission lines at 486 and 656 nm); the summed
intensities were normalized to the total peak intensity of the
observed species. Thirty summed, normalized emission
intensities (including the 20 atomic and molecular species
in Table 3 as well as individual summations of neutral and
singly ionized species) were calculated and used to create
202 ratios, for total of 232 input variables. Simple ratios of
the 30 summed intensities (e.g., Al/C, Mg I/Mg II, etc.)
comprise 195 of the ratios; the remaining seven ratios are
complex combinations of the summed intensities designed
to provide additional information about the sample compo-
sition and the chemical reactions occurring in the laser-
induced plasma [e.g., P/(C+H), (Ca+CaOH)/(O+H), etc.].
The use of summed intensity ratios reduces the effects of
the shot-to-shot variability inherent in LIBS as well as
the sample inhomogeneity and provides non-linear
variables that provide additional sample discrimination
based on composition [19]. Down-selecting the data in the
LIBS spectra results in fewer input variables; thus, the
necessary computational power for calculating large
models is reduced. On the other hand, before building
and testing the model, it must be decided which emission
lines are important, and relevant variables may inadver-
tently be excluded. This step requires significant prepro-
cessing by qualified personnel when the model is first
being developed.

Once the two PLS-DA models based on full spectra and
the down-selected variables were calculated for each
sample set, the spectra from the test sets were tested against
each model. The PLS-DA software calculates the predicted
probabilities for each model class for each test spectrum.
The predicted probabilities of each test spectrum obtained
for the two models were multiplied together to create a
“fusion model” that combines the advantages of using full
spectra with the advantages of using intensities/ratios. In
other words, for each sample spectrum tested against a
model with N classes:

Class 1Pfusion1 ¼ Pfull1 � Pint=ratio 1

Class 2Pfusion2 ¼ Pfull2 � Pint=ratio 2

..

.

Class NPfusionN ¼ PfullN � Pint=ratio N :

This approach was previously used to improve the
classification of explosive residues on multiple substrates
[36].

Single-substrate models

Individual PLS-DA models were built based on the LIBS
spectra of the pure residues (simulant, controls, and
interferents) on each of the three substrates (aluminum,
steel, and polycarbonate). Models based on full spectra and
intensities/ratios were developed, and the results of the two
models were fused to give a total of nine distinct single-
substrate models. Cross-validation of the training set data
was used to compare the ability of each model to correctly
classify the pure residue samples on each substrate. Each
single-shot sample spectrum was removed from the model
one at a time and tested against the re-calculated model.
Based on the Bayesian threshold automatically calculated
for each class by the software in order to minimize the
number of false positives and false negatives, each test
spectrum was either: (1) correctly classified (i.e., the
predicted Y value of the test spectrum was above the
threshold for the correct class), (2) misclassified (i.e. the
predicted Y value was below the threshold for the correct
class but above the threshold for one of the other classes),
or (3) unclassified (i.e., the predicted Y value is above the
threshold for more than one class in the model or for none
of the classes). An alternative method for cross-validation
involves removing all of the single-shot spectra for a
particular sample class (i.e., BA residue) and testing them
against the re-calculated model; while the “leave one
sample out” approach is believed to be more indicative of
real-world performance in the case of sample materials that
are relatively homogeneous and therefore produce similar
LIBS spectra for each laser shot [42], the inhomogeneous
nature of the residue samples results in significant shot-to-
shot variation in the LIBS spectra (i.e., large intraclass
variability). For this reason, the leave one shot out cross-
validation method is sufficient for this application.

Five residues were applied to the aluminum substrate:
BA, CEES, chloroform, limestone, and ovalbumin. PLS-
DA models with six classes (including the substrate) were
generated using the full-spectra and intensity/ratio input
variables. The full-spectra models resulted in a higher
correct classification rate than the intensity/ratio model
(98.9% vs. 89.2%) with much lower misclassification and
unclassified rates (Table 4). The fusion model results in
similar classification performance for pure residues as the
full-spectra models.

Spectra of the 11 pure residues (Table 3) were acquired
on the steel substrate, and 12-class PLS-DA models were
constructed. The steel substrate contains many more
emission lines (see Fig. 1a), so the correct classification
rate was only 84.5% for the full-spectra models and 55.3%
for the intensity/ratio model. The most difficult residues
to discriminate in the full-spectra models were the
α-hemolysin (40.0%) and its control, BSA (53.3%). This
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indicates that most of the emission features in the
α-hemolysin spectra are due to the BSA (the LIBS spectra
of the two residues are nearly indistinguishable by eye). In
addition to poor discrimination of the α-hemolysin (28.6%)
and BSA (36.7%), the intensity/ratio model was unable to
correctly classify the ovalbumin (15.8%) or bacteriophage
(13.8%). Both residues have relatively few emission
features which are mostly obscured by the steel emission
spectra (Fig. 2b, c). As with the aluminum substrate, the
steel fusion model gives results similar to the full-spectra
models (Table 4).

PLS-DA models with 12-classes were also constructed
for the 11 pure residues on the polycarbonate substrate.
Unlike the aluminum and steel substrates, the polycarbon-
ate emission spectra share a number of emission lines with
the residues (e.g., C, CN, C2). As with the steel substrate,
the α-hemolysin and BSA residues were nearly indistin-
guishable on the polycarbonate; the full-spectra correct
classification increased to 93.0% when the α-hemolysin
and BSA are excluded. The intensity/ratio model also had

difficulty classifying the Luria broth (21.4%) and bacterio-
phage (17.9%) residues. While the full-spectra and inten-
sity/ratio polycarbonate models gave comparable results to
the steel substrate, the fusion model for the polycarbonate
does not result in a significant improvement in the
classification rate (Table 4).

Discrimination of the residue classes in the single-
substrate models depends not only on the emission lines
for each residue, but also on the substrate emission lines. A
comparison of the VIP scores for the ovalbumin classes in
each of the three substrate models (Fig. 6) shows that each
full spectrum model depends not only on the ovalbumin
emission lines for classification, but also on substrate
emission lines (e.g., Fe) and emission lines present in other
residues in the model (e.g., Mg, Zn). For this reason, the
single-substrate models are not robust enough to correctly
classify the residues on substrates not included in the
model, and this approach would not work for applications
where an unknown residue could be on any surface. By
using a common swipe material to collect the residue,

Pure residues

Model Correct classification Misclassified Unclassified

Aluminum (full) 98.9% 0.0% 1.1%

Aluminum (int/ratios) 89.2% 0.8% 10.0%

Aluminum (fusion) 98.5% 0.0% 1.5%

Steel (full) 84.5% 0.7% 14.8%

Steel (int/ratios) 55.3% 7.1% 37.7%

Steel (fusion) 84.8% 0.5% 14.8%

Polycarbonate (full) 82.1% 0.0% 17.9%

Polycarbonate (int/ratios) 48.1% 4.5% 47.4%

Polycarbonate (fusion) 85.6% 1.1% 13.4%

Table 4 Single-substrate model
classification results (from
cross-validation)

Fig. 6 VIP Scores for the oval-
bumin class in the single-
substrate models for a aluminum,
b steel, and c polycarbonate
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however, a PLS-DA model could be built using the swipe
material as a single substrate [15, 43, 44].

The ability of the models in Table 4 to correctly classify
more complex samples outside the training sets was tested
with the residue mixture data. The following procedure was
used to identify the components of the residue mixtures
using the PLS-DA models developed with the pure residue
spectra. For each spectrum tested against a model, the
highest predicted probability was used to determine the
classification of the sample. Since multiple replicate single-
shot spectra of each sample type (i.e., residue mixture) were
acquired, the two classes with the most positive (unique)
identifications for a particular sample were identified as the
two components of the mixture. Table 5 shows the results
from testing the residue mixtures on aluminum against the
full-spectra and intensity/ratio models. While the full-
spectrum model has difficulty identifying the CEES and
chloroform residues in the limestone mixtures, it does pick
up on the chloroform used to dilute the CEES. Only the
intensity/ratio model is able to pick up all of the simulant
and control residues in the presence of the interferents.

LIBS spectra of 18 residue mixtures on the steel and
polycarbonate (Table 2) were tested against the steel and
polycarbonate substrate models (using both full-spectra and
intensity/ratios). Fusion of the predicted probabilities for
the two types of models did not significantly improve the
mixture results for any of the single-substrate models.
Table 6 shows the truth–response table generated by
applying the classification method described above for the
aluminum mixtures to the residue mixtures on steel with the
full-spectrum model. More than 75% of the simulant and
control residues were correctly identified in the mixtures
despite the extremely complex steel background (only
~60% were correctly identified by the polycarbonate
models). The polycarbonate substrate shares a number of
important carbon-related emission features with the resi-
dues, making discrimination of the residue mixtures on
polycarbonate difficult. All of the steel and polycarbonate
models had difficulty identifying the CEES, chloroform,
DMMP, and Escherichia coli in the presence of the
limestone interferent. While the models picked up on the

interferent in the mixture 40–75% of the time (depending
on input variable selection and substrate), they also
identified additional components in the sample, such as
the substrate, solvent, or growth medium.

For the full-spectrum polycarbonate model, the chloro-
form was identified in the CEES+Ova mixture (as it was
for the full-spectrum aluminum substrate model). The BSA
was identified by both the full-spectra (Table 6) and
intensity/ratio steel models in the α-hemolysin mixtures
(three out of four mixtures). Because BSA is present in
the α-hemolysin, this result is actually a correct
classification. Unfortunately, many of the emission
features used by the models to identify some of the
threat simulants are due to the solvents or growth media
(controls). Consequently, testing of the models with the
residue mixtures resulted in several false positives, e.g.
BSA mixtures were sometimes classified as α-hemolysin
(six out of eight mixtures on steel and polycarbonate),
and the Luria broth was sometimes classified as
bacteriophage (seven out of eight mixtures on steel and
polycarbonate). This is an issue since the presence of
certain solvents or growth media, while perhaps suspi-
cious in some contexts, does not necessarily imply that
chemical or biological threats are also present.

The Luria broth was provided by Battelle as a control for
the bacteriophage simulant; however, in addition to picking
up the Luria broth in the bacteriophage mixtures, many of
the steel and polycarbonate models also classified the E.
coli (five out of eight mixtures) and BA (three out of eight
mixtures) residues with the Luria broth. The Luria broth
used as a control for this study contains tryptone, yeast
extract, and NaCl. According to the vendor Website, the E.
coli spores were grown in ATCC medium 271, which also
contains tryptone, yeast extract, and NaCl (as well as
glucose, CaCl2, and thiamine). The BA spores were grown
in trypticase soy broth, which contains tryptone and NaCl
(as well as soytone, dextrose, and dipotassium phosphate).
Therefore, the classification of the BA and E. coli with the
Luria broth is reasonable. Several groups have previously
shown that LIBS can be used to identify the growth media
for bacterial spores [12, 17].

Full-spectra model Intensity/ratio model

Test sample 1st (%) 2nd (%) 1st (%) 2nd (%)

Al+BA+Lime BA (40) Lime (17) BA (63) Lime (27)

Al+BA+Ova BA (80) Ova (20) BA (73) Ova (10)

Al+CEES+Lime Lime (40) Chl (7) Lime (40) CEES (10)

Al+CEES+Ova CEES (53) Chl (13) Lime (20) CEES (17)

Al+Chl+Lime Lime (73) – Lime (77) Chl (20)

Al+Chl+Ova Chl (47) Ova (33) Chl (57) Ova (27)

Table 5 PLS-DA model results
for the residue mixtures on the
aluminum substrate (the per-
centage of uniquely identified
single-shot spectra classified
with each residue type is listed
in parentheses)
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Multiple-substrate models

As a first step toward generating a more robust PLS-DA
model capable of classifying chemical and biological
residues on multiple substrates, we created a model in
which each residue class contains spectra of the residue on
both the steel and polycarbonate substrates. This approach
is analogous to our previous work involving the detection
of explosive residues on multiple substrates [36]. The goal

was to reduce the dependence of the model on the substrate
emission features and related matrix effects by training the
model to focus on the residue emission lines. Fig. 7 shows
the VIP scores for the α-hemolysin class in the steel (green)
and polycarbonate (blue) single-substrate models and
the multiple-substrate model (red). The P line from the
α-hemolysin residue contributes the most to the multiple-
substrate model (compared with the single-substrate models).
On the other hand, the CN and Fe emission, which are due to

Table 6 PLS-DA model results for the residue mixtures on the steel
substrate using the full-spectra (color key: red (R)=correct simulant/
control identification, blue (B)=correct interferent identification, green

(G)=correct component identification, black (+)=false positive, gray
(–)=false negative)

RESPONSE 
PMMDlhCSEECASBAB Ecoli Hemo Luria Phage Lime Ova Steel 

Steel+BA+Lime [21]  R         B   
Steel+BA+Ova [26]   R       G –  
Steel+BSA+Lime [30]   R     + B   
Steel+BSA+Ova [30]   R     + –  
Steel+CEES+Lime [9]    –     + B   
Steel+CEES+Ova [33]    R     + B  
Steel+Cl+Lime [5]  + –      B   
Steel+Cl+Ova [31]     R + –  
Steel+DMMP+Lime [78] –     B   
Steel+DMMP+Ova [76]      R      B  
Steel+Ecoli+Lime [13]       –  G –   
Steel+Ecoli+Ova [31]       R  G –  
Steel+Hemo+Lime [30]   G R   –   
Steel+Hemo+Ova [30]   G R    –  
Steel+Luria+Lime [27]         R + –   
Steel+Luria+Ova [32]         R + –  
Steel+Phage+Lime [30]         G R –   

T
R

U
T

H

Steel+Phage+Ova [29]         G R  –  

The number of uniquely identified single-shot spectra for each residue mixture is listed in brackets

Fig. 7 Selected regions of the
VIP scores for the α-hemolysin
class in the steel and polycarbon-
ate single-substrate models and
the multiple substrate model
(steel and polycarbonate). The
P emission is due to the
α-hemolysin residue, while the
CN and Fe emission is primarily
due to the polycarbonate and steel
substrates, respectively
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the polycarbonate and steel substrates, respectively, contribute
most strongly to the α-hemolysin discrimination in the single-
substrate models.

The cross-validation results for the multiple-substrate
model (Table 7) were similar to those obtained using the
intensity/ratio single-substrate models (Table 4). The
biggest difference was that the full-spectra models were
much more accurate when the model was constructed using
residues on a single substrate only. This provides additional
evidence that correct classification in full-spectra models
depends on substrate emission lines as well as the relevant
residue emission lines. Unlike the single-substrate models,
fusion of the results from the full-spectra and intensity/ratio
models improves the classification results for the multiple-
substrate model (from 47.4% to 63.1%). In addition to
having a higher correct classification rate, the misclassified
rate is the lowest for the fusion results, since incorrect
identifications in one model can be offset by the correct
identification in the other model [36]. Most of the
unclassified spectra in Table 7 result from the classification
of pure residues with multiple classes (e.g., substrate and
residue, threat agent and control, spore and growth
medium, etc.). For example, the steel+Ova test spectra
often classify with both the steel and ovalbumin classes in
the steel/polycarbonate fusion model, and the Hemo
residues on both steel and polycarbonate classify with both
BSA and Hemo.

The results of testing the residue mixture spectra on the
polycarbonate and steel substrates against the multiple-
substrate models using both the full-spectra and intensity/
ratios were very similar to the results obtained from the
single-substrate models (not shown). In order to gauge the
ability of the multiple-substrate models to correctly classify
residues on a third substrate not included in the training set,
the LIBS spectra of the pure residues on the aluminum
substrate were tested against the models built using the
polycarbonate and steel substrate spectra. Unfortunately, the
results were not encouraging. While the BA (17%),
chloroform (10%), and limestone (23%) residues were
correctly classified with the full-spectra model, only the
limestone residue was correctly classified with the intensity/
ratio (10%) and fusion (67%) models. The full-spectra
model classified most of the residues on aluminum as
DMMP (63–100% for residues other than limestone,
resulting in false positives for a chemical threat simulant),

while the intensity/ratio and fusion models resulted in
random misclassifications (e.g., BA on aluminum classified
with BSA 80% of the time in the fusion model). The
residues on the aluminum substrate likely classified with
the DMMP due to the presence of Al emission features in
the DMMP. Similarly, the multiple-substrate models were
able to correctly identify limestone in the residue mixtures
on aluminum, but had few other correct classifications.
Clearly, the models consisting of only two substrates are
not robust enough to handle additional substrates.

Conclusions

We have shown that, with careful consideration of the input
variable selection and model-building, PLS-DA models
capable of correctly classifying chemical and biological
residues in mixtures containing interferents can be devel-
oped. In addition to identifying the major components of
such residue mixtures, minor components such as growth
media and solvents can be identified (assuming the model
has been trained appropriately). We find that, while the full-
spectra models based on single substrates give the best
results overall, the intensity/ratio models help differentiate
certain residues with fewer spectral features (e.g., CEES,
DMMP, E. coli). The full-spectra models also strongly
depend on substrate emission lines and matrix effects for
correct classification of test residues. Fusion of the full-
spectra and intensity/ratio models result in only marginally
improved correct classification for the single substrate
models, but a significant improvement for the multiple-
substrate models.

While classification of the residue mixtures on complex
substrate backgrounds works surprisingly well, the controls
and simulants were confused by some of the models (e.g.,
BSA/Hemo and Luria/E. coli), especially in the presence of
interferents. Based on our experience building models for
explosive residue detection, we expect that increasing the
number of classes in the models (i.e., the types of residues)
will result in improved classification. Also, the combined
polycarbonate and steel substrate model could not correctly
classify residues on aluminum. Increasing the number of
substrates used for the model training set should enable the
model to correctly classify residues on a wider range of
substrates. Ultimately, the best solution for residue detec-

Model Correct classification Misclassified Unclassified

Full-spectra 54.8% 2.0% 43.3%

Intensity/ratios 47.4% 3.3% 49.3%

Fusion results 63.1% 1.8% 35.1%

Table 7 Multiple substrate
model classification results
(from cross-validation)
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tion (especially in cases where standoff detection is not
required) may be to use a common swipe material to
sample the residue, with PLS-DA models specifically
designed to classify residues on the swipe material.
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