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A method based on laser induced breakdown spectroscopy (LIBS) and neural networks (NNs) has been
developed and applied to the identification and discrimination of specific bacteria strains (Pseudomonas
aeroginosa, Escherichia coli and Salmonella typhimurium). Instant identification of the samples is achieved
using a spectral library, which was obtained by analysis using a single laser pulse of representative

samples and treatment by neural networks. The samples used in this study were divided into three groups,
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which were prepared on three different days. The results obtained allow the identification of the bacteria
tested with a certainty of over 95%, and show that only a difference between the bacteria can cause
identification. Single-shot measurements were sufficient for clear identification of the bacterial strains
studied. The method can be developed for automatic real time, fast, reliable and robust measurements

and can be packaged in portable systems for non-specialist users.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Laser induced breakdown spectroscopy (LIBS) analysis by direct
measurement of the optical emission from laser-induced plasma
has been the subject of research for many years [1,2]. This tech-
nique provides a quick and versatile method for analyzing different
types of samples that can be inaccessible or tedious using conven-
tional analytical techniques, and is particularly useful for analyzing
samples with a complex matrix [3,4].

In many situations, a considerable number of alternative tech-
niques with a higher sensitivity are available. However, LIBS
provides several advantages over conventional methods for ele-
mental analysis: (a) LIBS eliminates the sample preparation step
for analysis; (b) The analysis can be performed in any state of
matter (solid, liquid, gas); (c) The analysis is performed in a few
seconds; (d) A very small amount of sample, on the order of micro-
grams, is vaporized from the surface of the sample; and (e) The
analysis detects all elements without bias, including those present
in molecules (which are atomized during the process) [5,6]. Two
specificadvantages of the application of LIBS in microbiological sys-
tems are: (a) Measurements can be performed remotely, allowing
the analysis of hazardous, highly contagious, or pathogenic targets;
and (b) The analysis can be computerized, no longer requiring the
expertise of a trained microbiologist for the identification of bacte-
ria or bio-agents.
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Detection and identification of biological samples and, in partic-
ular, bacteria using the LIBS technique has been studied by several
research groups [6-10]. The first of these studies focused on the
use of LIBS as a system for early real-time detection of biological
weapons. The motivation for most of these studies was LIBS’ abil-
ity to provide extremely fast identification compared to traditional
methods of identifying bacteria. For example, in preliminary exper-
iments performed in 2003, Morel et al. investigated the detection
of six strains of bacteria and two pollens [7]. They placed partic-
ular emphasis on Bacillus globigii, which acts as a non-pathogenic
surrogate for Bacilus anthracis (anthrax), demonstrating the ability
of LIBS to detect bacteria. That same year, Hybl et al. investi-
gated the technique’s potential for detecting and discriminating
aerosolized bacterial spores from more common background fun-
gal/mold spores and pollens [11]. More recently, the possibility of
using LIBS to detect and identify bacteria in clinical diagnosis and
public health has prompted investigations into the use of more
realistic samples from a clinical analysis perspective. For exam-
ple, the study by Rehse et al. [6] focusing on the identification
of Escherichia coli and Pseudomona aeruginosa cultured in differ-
ent media has been analyzed. This study succeeds in identifying or
separating the two bacteria, producing positive results despite the
modification of the bacterial wall of P. aeruginosa observed in some
culture media. However, the correct identification rate of some
cases studied fell below 90%. Thus, there is a clear need for more
thorough and systematic studies that include new approaches.

The aim of this paper is to use a simple and direct method, based
on LIBS and NN, to identify and discriminate biological samples. In
this case, no detailed chemical analysis was sought, but rather an
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instant identification of the sample using a unique characteristic of
LIBS, which is its ability to generate a spectral “fingerprint” of the
sample. This is due to the nature of the emission spectra, represen-
tative of the main compounds and the matrix that constituted the
sample. The matrix structure and composition strongly affect the
intensity of the emission lines, and have often inhibited a possible
direct relationship between the elemental concentration of a sam-
ple and the intensities of its spectral lines. Thus, LIBS provides a
unique spectrum, corresponding only to the sample under analy-
sis. Using a correlation procedure, the LIBS-NN system developed
can be trained to recognize spectra from different samples, which
means evaluating the similarity of unknown spectra against a spec-
tral library of classified samples. It is necessary to point out that the
optical transmission properties of the optical fiber, the wavelength
dependence of the spectrometer, and the wavelength efficiency
of the detector elements all contribute to an overall wavelength
dependence in the sample signal.

Many chemometric methods have been evaluated by other
research groups, such as principal components analysis (PCA), soft
independent modeling of class analogy (SIMCA), and partial least-
squares discriminant analysis (PLS-DA). Those methods are not able
to give satisfactory solutions to many practical problems that can
be attributed mainly to uncertainty in identification, which can be
even higher than 30%[5,12]. Research exists demonstrating that the
use of NNs can provide better results. An interesting comparison of
some of these methods with the use of NNs has been performed
[13,14]. The NN was selected because it can significantly improve
the identification capability without considerably increasing the
difficulty of implementation. Specifically, in this work, the aim was
to improve the recognition capacity by developing a method capa-
ble of identifying extremely similar samples that have few physical
and spectral differences between them.

Thus, strong requirements were imposed on the identification
model, where two fundamental aspects were introduced as fol-
lows. On the one hand, the broadest spectral range was selected
in order to cover the greatest number of spectral characteristics of
the sample. Tests performed using shorter spectral ranges with few
peaks, selected by PCA, show that the model’s recognition ability
decreases. On the other hand, because the size of the data for the
NN (denoted hereafter as input-data) can be quite large, a mathe-
matical algorithm optimized to efficiently and effectively handle a
large amount of data was used.

2. Materials and methods
2.1. Experimental set-up

Fig. 1 shows a schematic view of the LIBS technique. Exper-
iments were performed by using a Q-switched Nd:YAG laser
(Quantel, Brio model) operating at 1064 nm, with a pulse duration
of 4 ns full width at half maximum (FWHM), 4 mm beam diameter
and 0.6 mrad divergence. The samples were placed directly over
an X-Y-Z manual micrometric positionator with a 0.5 pm stage of
travel at every coordinate to ensure that each laser pulse impinged
on a fresh sample. The laser beam was focused onto the sample sur-
face with a 100 mm focal-distance lens, producing a spot of about
100 pmin diameter. This large working distance allowed easy sam-
ple manipulation and plasma light collection while the focusing
provided by the lens enabled extremely precise placement of the
beam within the bacterial target, but not in the adjacent substrate
material. The pulse energy was 20 m], and the repetition rate was
1Hz. The emission from the plasma created was collected with a
4-mm aperture, with a 7 mm focus fused silica collimator placed at
adistance of 3 cm from the sample, and then focused into an optical
fiber (with a 1000 wm core diameter and 0.22 numerical aper-

Table 1
Nomenclature used for the samples.

Bacterial Culture media Culture media Culture media
strains 1 2 3
LB agar MacConkey Brucella
agar anaerobic agar
Pseudomonas B1M1 (11) B1M2 (12) B1M3 (13)
aeruginosa
(B1)
Escherichia coli B2M1 (21) B2M2 (22) B2M3 (23)
(B2)
Salmonella B3M1 (31) B3M2 (32) B3M3 (33)
typhymurium
(B3)

ture), which was coupled to the entrance of the spectrometer. The
spectrometer system was a user-configured miniature single-fiber
system (EPP2000, StellarNet, Tampa, FL, U.S.A.) with a gated CCD
detector. A grating of 3001/mm was selected; a spectral resolution
of 0.5 nm was achieved with a 7 wm entrance slit. The spectral range
from 200 to 1000 nm was used. The detector integration time was
set to 1 ms. To prevent the detection of bremsstrahlung, the detec-
tor was triggered with a 5 s delay time between the laser pulse and
the acquired plasma radiation using a digital delay generator (Stan-
ford model DG535). The spectrometer was computer-controlled
using an interface developed with Matlab, which allowed for data
processing and real-time NN analysis.

2.2. Bacterial samples

All samples were used with no further preparation than that
described herein. The samples were taken directly from a frozen
culture, placed into the common Petri dish (8.9 cm in diameter),
and incubated at 37°C for 18 h. They were prepared on three dif-
ferent days, with a 10-day gap in between. The bacterial samples
were of wild-type strains, E. coli OV2, Salmonella typhymurium
LB5010, and P. aeruginosa M841. The media were LB agar (from
Difco Microbiology, Lawrence, KS, U.S.A.), MacConkey agar (from
Difco Microbiology, Lawrence, KS, U.S.A.), and Brucella anaerobic
agar (from bioMerieux SA, Marcy I’Etoile, France), designated as
culture media M1, M2 and M3, respectively. Because the NNs han-
dle numbers, numerical and alphanumerical nomenclatures were
used to label each sample. Table 1 shows the name structure used
for the samples. The alphanumerical names indicate the bacterial
strain and culture medium. The numbers in brackets correspond
to the identification number of the bacterial sample. For exam-
ple, sample 23 corresponds to B2M3, which means, B2 =E. coli and
M3 =Brucella anaerobic agar. In addition, the first number in this
numerical nomenclature correlates with the bacteria, and the sec-
ond with the culture medium. A minimum of 3 replicate tests for
each sample were performed, with a total of 81 samples analyzed.

2.3. LIBS measurements and spectral libraries

It has been shown that the selection of some wavelengths for
elements such as P, C, Mg, Ca, and Na provides sufficient infor-
mation to achieve the identification of bacteria [10]. However, in
this work, a broad spectral range was selected in order to cover all
spectral characteristics of the samples. This has the disadvantage of
decreasing the spectral resolution, which makes it even more dif-
ficult to unequivocally identify the elements responsible for those
lines, but has the advantage of reducing the analysis time. Taking
into account that the plasma is generated from evaporated and ion-
ized sample materials mixed with ambient gas [15], some spectral
lines from air may be present in the spectra, making the elemental
identification less effective. On the other hand, it has been demon-
strated [16], that spectra from air can be correlated with the use
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Fig. 1. The experimental setup, including a Nd:YAG laser, a delay generator, a micrometric positionator to move the sample, a 1 m optical fiber, and an optical charge coupled

device (CCD) spectrometer.

of a simple multiplicative scaling factor, thus demonstrating that
changes in relative spectral contributions from oxygen and nitro-
gen are not occurring. Furthermore, the contribution of different
atomicionizationlevels in the spectra does not change significantly.
It is also necessary to consider the kinetic effect of the native CN
molecular band usually observed in LIBS spectra for organic and
biological samples [17,18], which corresponds to either native CN
molecules vaporized from the sample, or CN bond formations due
to recombination with the air.

Spectral emission lines and a continuum background emission
are typical components of the spectra created in LIBS. In addition,
the intensity of the spectra can change from pulse to pulse and
from day to day, but does not affect the system’s ability to iden-
tify the sample. There are two reasons for this. First, the system
is trained with a set of spectra that were recorded using all pos-
sible variations of the ablation parameters, such as changes in the
lens-sample distance and the laser pulse energy. Second, both the
intensity ratio and the bandwidth were analyzed by the NNs, which
made discrimination and identification possible.

Each sample was irradiated with 100 laser pulses. For each
pulse, the generated plasma spectrum was acquired and stored as a
column on a dataset. Thus, the dataset contains the intensity at dif-
ferent wavelengths in rows and the spectra in columns. Thus, our
dataset has 2048 rows (one for each wavelength) and 100 columns
or spectra for each sample. In order to avoid data variations due
to changes in the laser pulse energy, each spectrum was normal-
ized by the intensity of one specific spectral line (i.e., with the most
intense assigned to hydrogen Ha, Fig. 2). Each of these individual
worksheets containing the spectra for a specific sample constitutes
aspectrallibrary. 80 spectra were used to create the fingerprint, and
the other 20 spectra were used to test the identification model. The
greater the number of spectra used in the fingerprint of a sample,
the better the recognition capacity of the method. A more thorough
study of how recognition affected model identification is shown in
Section 4. Because the acquisition of these 100 spectra is very fast
(<2 min, taking into account the integration time and 1Hz laser
pulse repetition), 80 spectra were selected for the creation of the
fingerprint. Although the data matrix can be considerably large, the
computation time for training the NNs was always below 10s.

2.4. NN model

The NNs used were based on a multilayer perceptron, feed-
forward, supervised network. They consist of several neurons
(information processing units) arranged in two or more layers. Each
one receives information from all of the neurons in the previous
layer. The connections are controlled by a weight that modulates
the output from the neuron before inputting its numerical con-
tent into a neuron in the next layer. The process that optimizes

the weights is called the learning or training process [19,20], and is
based on a back-propagation (BP) algorithm [20]. The inputs from
each neuron are added by an activation function, and the result is
transformed by a transfer function that limits the amplitude of the
neuron output. In this work, the hyperbolic tangent sigmoid func-
tion was used as the NN transfer function. When the NN parameters
are adjusted by slightly refreshing the weights, the NN is able to
learn from its environment. Every NN model was designed using
Matlab software (Matworks, 2010a).

2.4.1. Description of the learning and verification set

Because the NNs were based on a supervised algorithm, in
order to optimize the weight matrix, it was necessary to use input
and output data that adequately characterized the process to be
modeled. The input data was a linear combination of the dataset
libraries. Data was randomly distributed into the learning (80%) and
verification (20%). Once the learning and verification process was
carried out, the network parameters were transferred to a program
developed in Matlab that provided real-time identification during
data acquisition.

2.4.2. NN model optimization and verification process

The NN model consisted of three layers (input, hidden and out-
put), a topology widely used to model systems with a similar level
of complexity [21]. In particular, the input layer consisted of 2048
nodes (intensity values in the 200-1000 nm wavelength range).

C Ha

Intensity (a.u.)

' : T . .
200 400 600 800 1000
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Fig. 2. Normalized LIBS single-shot spectra for 3 bacterial strains from day 1: (a)

sample 11(B1M1); (b) sample 21 (B2M1); (c) sample 31 (B3M1). Plots (b) and (c)
have been shifted for better observation.



D. Marcos-Martinez et al. / Talanta 84 (2011) 730-737 733

Spectrum number

0 10 20 30 40 50 60
T T T T T T
] B3M1 (a)
EEgEEEEESEgEEEEEEEEER
30— sample 31
bt
: P
a
5
3 254
x
Eo 1 B2M1
T 20 4 sample 21
z o
[
s 154
[
= 1 B1M1
0000000000000 00000°%8
10 sample 11
1,09 (&) (e) I
©
=
©
13
2
Z 05; ]
"
Z AUC (B1-B2F 0.985 AUC (B1-B3F 03984 AUC (B2-B3F 0998
@ Match Index (B1)= 97.4 Match Index (B3)= 97.2 Match Index (B2)= 99.0
3
F 0,01 -

0.0 0.2 0.4 0sg 08 1.0 0.0 0.2

04 0.6 os 1.0 0.0 02 04 06 o8 1.0

False Positive R ate (1-specificity)

Fig. 3. (a) LIBS-NN correlation method applied to the identification of bacterial strains from day 1. Squares correspond to B3M1 (sample 31), triangles correspond to B2M1
(sample 21), Circles correspond to B1M1 (sample 11), (b), (c) and (d) correspond to ROC plot from Section 3, application to NN result for those bacterial strains; B1-B2
(AUC=0.985 match index =97.4%), B1-B3 (AUC=0.984 match index =97.2%) and B2-B3 (AUC =0.998 match index = 99.0%) respectively.

The output layer was comprised of ] neurons (where J=number of
reference samples used) for estimating the similarity between the
reference sample spectrum and the testing sample spectrum. The
identification process was based on the ability of the NNs to detect
the degree of similarity between the new spectrum and each of the
reference spectra used in the learning process.

During the training process, each sample used as a reference
was associated with an identification number (usually the same
number assigned to the sample) in the output layer. Thus, a per-
fect identification was obtained if the output from the NN model

for the test sample matched the identification number assigned
to the reference. It is possible to use more than two identi-
fication numbers simultaneously, e.g., when analyzing a large
number of samples. Zero was always used to indicate no match
atall.

NN training was achieved by applying the BP algorithm, based
on the conjugate gradient method [22], one of the general-purpose,
second-order techniques that help minimize the goal functions of
several variables. Second order indicates that such methods use
the second derivatives of the error function, whereas a first-order
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Fig. 4. (a) NN output for 20 spectra for sample B1M1, B2M2 and B3M3 from day 2 (not included in the training), and (b) the NN output for 20 spectra for samples B2M1,
B2M2 and B2M3 from day 3. This confirms that the spectral library used in the training process was useful for all samples analyzed.
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technique, such as standard back-propagation, uses only the first
derivatives.

To determine when the training should be stopped, an early
stopping criteria based on the validation set was used [23]. The
number of epochs was not relevant in this case. To avoid an over-
fitting of the NN model, the learning process was repeated while
the verification mean square error (MSE), defined in Eq. (1), was
decreased:

N
MSE = %Z(rk_Yk)z (1)
P

where N, y, and r, are the number of input data, the response from
each output neuron, and the real output response, respectively. A
detailed description of the calculation process is provided in the
literature [19,23].

3. Process for testing the optimized LIBS/NN method

An identification process has only two possibilities: positive (P)
or negative (N). There are therefore four possible results from this
binary classifier. If the outcome from a prediction is P and the actual
value is also P, this is a true positive (TP), but if the actual value is
N, it is a false positive (FP). Conversely, a true negative (TN) occurs
when the predicted outcome and the actual value are both N, and
a false negative (FN) is when the predicted outcome is N, but the
actual value is P.

Sensitivity (S) and specificity (SP) are two performance metrics
for a screening process which are based on the number of TP, FP,
TN and FN in the validation set. The S of a detection system can be
calculated according to Eq. (2) [24,25]:

TP
T TP+FN

S=1 indicates that all samples are correctly identified. S is also
called the true positive rate (TPR).

SP is defined as the proportion of correctly identified, fault-free
recognitions [23]. The SP of a detection system can be calculated
according to Eq. (3):

TN
~ TN+ FP

The probability of a false alarm (false positive rate, or FPR) is
the proportion of fault-free recognitions that are classified erro-
neously. Obviously, FPR=1 —SP. A more complete description of
these metrics is provided in Ref. [24].

To evaluate a screening process, the values of both metrics (S and
SP) are required, as neither one can properly evaluate the process
as a single metric. This is because it is possible to force S=1 for
our detection system if all cases are reported as positive (SP=0), or
SP=1 if the system reports all cases as negative (S=0).

Accuracy (A)is the main parameter of a recognition procedure for
decision making, and the reason the metrics for assessing detection
processes are so important. These involve the relative frequency of
correct and incorrect identification obtained from the results, and
can be calculated according to Eq. (4) [24,26]:

TP+ TN

A‘TP+TN+FP+FN )

Thereceiver operating characteristic (ROC) curve is the standard
tool for plotting all possible combinations of sensitivity and speci-
ficity for a screening process. ROC plot analysis was developed in
the context of electronic signal detection in the early 1950s [25] to
evaluate classification performance [26]. The TPR is used as the y
axis in an ROC plot, while the FPR(1 — SP) is used as the x axis. A
ROC curve is at the ideal operating point when TPR=1 and FPR=0.
It is widely accepted [24] that the area under curve (AUC) provides

S (2)

SP (3)

a better measure than accuracy for evaluating the predictive ability
of the classification. This can be calculated using Eq. (5) [27,28]:

_ So—mng(ng+1)/2
B Nony

AUC (5)
where ng and n; are the numbers of positives and negatives, respec-
tively, and So = " r;, where r; is the iy, positive.

The confidence of the prediction can be expressed by a con-
ditional probability, i.e. the rate of correct classification within
the classified spectra (accuracy). The confidence was estimated
by match index (MI). The higher the match index, the better the
efficiency of the network for identifying a bacterial strain.

The robustness of the model was tested by assessing the ability
of LIBS-NN to estimate the correct result when an unknown sample
was input into the network model. In other words, the higher the
robustness, the better the efficiency of the network model for iden-
tifying a sample not included in the training step as an “unknown,”
and not identifying it as another bacteria [29]. In order to test this,
one dataset (input data spectra) from the training set was removed.
The results obtained with the remaining ones were then checked,
in terms of the probability of correct identification. This was alter-
nately repeated for each bacterial strain.

3.1. LIBS-NN model validation process

Three external validation processes were carried out, each with
its respective set of input data. The first validation set was carried
out to evaluate the model’s capacity to recognize and identify dif-
ferent bacterial strains in the same culture media. The test samples
were comprised of the day 1 bacterial samples. Each bacterial sam-
ple was individually analyzed and contrasted with another from
the same day in a binary manner.

To evaluate the validity of the model and reference datasets for
identifying a bacterial strain cultivated on different days, a second
validation set was performed using only the library spectra of the
bacterial samples from day 1 as reference samples. Bacterial sam-
ples from the other two days were then individually contrasted
with the library reference spectra, both at the same and in a differ-
ent culture media.

A third independent validation set was carried out to test the
model’s ability to identify unknown samples. To test the robust-
ness of the model, the spectra of samples from day 1 were used as
the library reference, and one bacterial dataset was removed and
alternately repeated for each bacterial strain. The model was con-
sidered robust if the sample removed was identified as unknown
and the NN output for these bacteria was zero.

4. Results and discussion

The NN was trained for spectral characteristics using the input
data of known samples. The subsequent network model parameters
were then handled by an identification program that performs real-
time identification during data acquisition. Fig. 2 shows an example
of a normalized single-shot spectrum for three bacterial strains in
different culture media. The compositions of these samples were
very similar, and their spectralook very similar, making visual iden-
tification difficult. Due to very fast testing conditions, and bearing
in mind the high spectral similarity between the samples (for which
a single shot might be the only sampling event), the spectra were
not averaged.

4.1. LIBS-NN model validation
4.1.1. First validation process

The LIBS/NN correlation method was first applied to the iden-
tification of bacteria in the same day. A collection of single-shot
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Table 2
Classification results from neural networks analysis.

Bacteria/medium Classification results

Identification test

Robustness test

Match index Unidentified Misidentified Correct identification Misidentified Correct as unknown
Pseudomonas aeruginosa/LB 97.4 0 0 100 0 100
Pseudomonas aeruginosa/MacConkey 98.2 0 0 100 0 100
Pseudomonas aeruginosa/Brucella 98.0 0 0 100 0 100
E. coli/LB 99.0 0 0 100 0 100
E. coli/MacConkey 100 0 0 100 0 100
E. coli/Brucella 100 0 0 100 0 100
Salmonella typhymurium/LB 97.2 0 0 100 0 100
Salmonella typhymurium/MacConkey 98.0 0 0 100 0 100
Salmonella typhymurium/Brucella 100 0 0 100 0 100

spectra for each sample were analyzed and contrasted with the
spectra for reference samples in the same day, in a binary man-
ner. In each binary analysis, part of the library for the sample was
used as reference. As an example, Fig. 3a shows the analysis of sam-
ple B1M1 and B2M1 (Pseudomona and E. coli on the same cultured
media LB agar). 80 spectra for each sample were used as a refer-
ence sample set, where 11 and 21 were assigned as identification
numbers, respectively. 20 spectra for samples not included in the
reference were tested. The references were assigned the same bac-
terial identification numbers for the NN output, taking into account
the bacteria and matrix. Thus, if the NN has an output equal to
11, this corresponds to the identification of bacterial strains B1M1
shown in Table 1. If the NN output contains an output equal to
21, this corresponds to the identification of bacteria B2M1, and so
on.

With the first laser shot, the network recognizes the spectrum as
belonging to areference dataset, and the NN output is 21. Therefore,
the NN model cannot “see” the difference between the analyzed
sample and the reference sample with an identification number
equal to 21. The same result was obtained up to spectrum 20. Then,
when test sample B2M1 is replaced by sample B1M1, the network
outputis 11. At this point, the NNs correctly assign the spectra to the
identification number equal to 11 used for this sample. Most of the
spectra for this sample were assigned correctly, and only two devi-
ated from the expected behavior, returning values in between the
two values assigned. This behavior strongly affects both the match
index and the AUC, which were 97.4% and 0.985, respectively. Given
that the spectra analyzed came from a single laser shot, the distur-
bance spectra observed in only 2 out of 20 is not only more than
acceptable, but is essential for taking into account the match index.
Exactly the same results were obtained when using the dataset for
all other bacterial strains from day 1 as a reference, and updating
the NN parameters, as shown in Table 2.

Fig. 3b shows the ROC plot (Egs. (2) and (3)) and match index (Eq.
(4)) obtained for this case, and the capacity of the LIBS/NN to iden-
tify those bacterial strains. It means that the differences between
the two colonies cannot be attributed to matrix variations. Only dif-
ferences between bacteria can cause identification within the same
matrix. Another importantresultis obtained from this test. The high
match index shows that, despite not taking into account the contri-
butions of both air and the culture medium, a correct identification
can be achieved, and helps to decrease the analysis time without
significantly affecting the model discrimination capacity.

4.1.2. Second validation process

As part of a tough test for evaluating the validity of the ref-
erence matrix with regard to time and the method’s ability to
identify bacteria cultivated on different days, the spectra for the
bacterial strains in day 1 were introduced into the NN model as
references. The mathematical procedure followed was similar to

the training and validation process described above (see Table 2).
Fig. 4a shows the results obtained for 3 samples from day 2 (B1M1,
B2M2 and B3M3). Twenty single-shot spectra for each sample
were measured. It can be seen that the samples have been cor-
rectly identified from the first laser shot. Results also show the
network’s capacity to work simultaneously with more than one
fingerprint, without significantly increasing the computing time.
The training process for all samples from day 1 used as references
required 7.2 s of execution time on a standard computer. Fig. 4b
shows the results obtained for E. coli (B2) from day 3 (last date)
in three different media. The bacteria were correctly identified,
even in this case where the identification was made using the
first library (the oldest) as a reference, and comparing to libraries
obtained subsequently. This confirmed the temporal validity of the
libraries, at least during this study. In this case, shown in Fig. 4b,
the reader might assume that identification of the bacteria should
not be dependent on the culture medium. However, as described
previously by Rehse [6], significant differences were observed in
samples obtained from bacteria grown on MacConkey agar plates.
This difference was interpreted as a real and not unexpected ele-
mental alteration of the membrane of the bacteria cultured in
that medium, and did not represent an inherent limitation of the
LIBS technology. The alteration of fundamental bacteria chemistry
was attributed to the presence of bile salts in the MacConkey
medium, which is known from biochemistry to disrupt membrane
integrity. Because standard serological (antibody-based) diagnos-
tics are also membrane-based, rather than genetically based, these
competing microbiological techniques might misidentify such bac-
teria if their outer membrane or surface has been significantly
altered.

4.1.3. Third validation process

In order to complete the validation of the prediction capability
of the optimized NN, a third independent validation set was carried
out in order to test the model’s ability to identify unknown samples
as unknown. To test the robustness of the model, the spectra of
samples from day 1 were used as the library reference, and one
bacterial dataset was removed and alternately repeated for each
bacterial strain.

The NN compares the analyzed sample spectra with those stored
as a reference (like two fingerprints). Therefore, if they match, the
output from the network is satisfactory, and the value assigned
to the reference and NN output match. If the fingerprints (spec-
tra) differ slightly, the NN output must be zero. This means that
the bacteria are not present in the training set, and are therefore
unknown. As an example, Fig. 5 shows a possible stronger test. In
this case, all samples from day 1 were used as a reference, and
the spectra for Salmonella (B3) were removed. The NN output for
20 spectra from each sample in day 2 (B3M1, B2M1 and B1M1)
was tested. The first 20 spectra correspond to sample B2M1, the
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Fig. 5. NN outputs for BIM1, B2M1 and B3M1, where the latter corresponds to a
sample set not included in the training set. Thus, this B3M1 sample was unknown for
the NN model. Sample B3M3 was correctly assigned a zero, the identification number
assigned to unknown samples. The match index was 96.6%, and the robustness was
98.0%.

next 20 to sample B1M1, and the last 20 to sample B3M1. All sam-
ples were correctly identified. Even sample B3M3 was correctly
identified as unknown, and not as another sample present during
training, which demonstrates the robustness of the method used.

Some interesting modes of identification can be observed. To
improve the correct identification rate, the number of spectra for
each sample must increase to improve the match index. It is there-
fore necessary to select a high number of spectra, and because each
spectrum comes from a single laser pulse, the time taken to collect
the data (1 s per spectrum) is not an issue. The broad spectral range
used also plays a key role in correct identification.

4.2. Number of spectra used in the training set

Finally, to evaluate the optimum number of spectra used in
the training process, the variations in robustness as a function of
the number of spectra used in the training matrix was studied.
Fig. 6 shows a plot of these results. As we can observe, robustness
increases rapidly with the number of spectra. Even for very low
numbers (8 spectra), the robustness is acceptable.

The time required to obtain the spectra is very fast. Once stored,
they are selected for further analysis in real time. Analyses carried
out with different types of bacteria (generated at different times)
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Fig. 6. Robustness obtained for the samples B1M1 (squares) and B2M2 (circles), as
a function of the number of spectra used in the process of training the NN.

showed that the libraries were adequate for correct identification of
the bacterial strains, even with small variations in the experimental
conditions, such as changes in laser energy, room temperature, or
sample distance.

Single-shot measurements were sufficient for clear identifica-
tion of the bacterial strains studied. In light of these results, the
optimized NN model provides reliable results (sample identifica-
tion) for all samples analyzed. This result is the best indicator of
the capacity of the methodology presented.

5. Conclusions

It has been shown that accurate sample analyses can be obtained
using LIBS/NN. Tests performed on bacteria samples demonstrated
100% reliable identification of known and unknown samples with
very similar spectral characteristics. In addition, in studies where
the only variation was the type of bacteria, the identification was
correct, and therefore did not depend on the culture medium. Only
differences between bacteria resulted in identification. Despite not
taking into account the contributions of the air and culture medium,
a correct identification can be achieved, which helps decrease the
analysis time without significantly affecting the model’s discrimi-
nation capacity.

The identification analysis was stable over a long period of time,
and minor changes in experimental conditions, such as the inten-
sity of the LIBS single-shot regimen and continuum background,
were not relevant for sample identification. The system was able
to perform a correct identification even with a single laser shot.
The most important conclusion is that in the 200-1000 nm range,
each spectrum is a true fingerprint of the sample, allowing correct
differentiation of each bacterial strain using the NN model.

Multivariate techniques are known to be efficient methods for
sorting and classifying data. However, the results of this study show
that better reproducibility data and the introduction of advanced
statistical models are needed to produce robust classification mod-
els. Clearly, the sample size was small, representing the lower limit
of practical application. However, the verification test emphasized
that the methodology used in this work can provide a measure
of confidence classification that may have practical significance.
The study will be extended to characterize different bacteria and,
more importantly, to differentiate pathogenic bacterial strains, thus
demonstrating medical diagnosis potential. This work is currently
underway in our laboratories. The equipment and methods used in
this work can be developed for quick, automatic, reliable and robust
measurements in real time.
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