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The rapid identification of pathogens is crucial in controlling the food quality and safety. The proposed
system for the rapid and label-free identification of pathogens is based on the principle of laser scattering
from the bacterial microbes. The clinical prototype consists of three parts: the laser beam,
photodetectors, and the data acquisition system. The bacterial testing sample was mixed with 10mL
distilled water and placed inside the machine chamber. When the bacterial microbes pass by the laser
beam, the scattering of light occurs due to variation in size, shape, and morphology. Due to this reason,
different types of pathogens show their unique light scattering patterns. The photo-detectors were
arranged at the surroundings of the sample at different angles to collect the scattered light. The
photodetectors convert the scattered light intensity into a voltage waveform. The waveform features
were acquired by using the power spectral characteristics, and the dimensionality of extracted features
was reduced by applying minimal-redundancy-maximal-relevance criterion (mRMR). A support vector
machine (SVM) classifier was developed by training the selected power spectral features for the
classification of three different bacterial microbes. The resulting average identification accuracies of E.
faecalis,E. coli and S. aureuswere 99%, 87%, and 94%, respectively. The overall experimental results yield a
higher accuracy of 93.6%, indicating that the proposed device has the potential for label-free
identification of pathogens with simplicity, rapidity, and cost-effectiveness.
© 2020 Chinese Chemical Society and Institute of MateriaMedica, Chinese Academy ofMedical Sciences.

Published by Elsevier B.V. All rights reserved.
The proposed system for the rapid and label-free identification
of pathogens is based on the principle of laser scattering from the
bacterial microbes. Scattered light intensity depends on the size,
shape, and morphology of bacterial microbes. The features of data
were extracted by using power spectral characteristics from the
acquired time domain signal. SVM trained classifier can classify
three different bacterialmicrobes: Enterococcus faecalis, Escherichia
coli and Staphylococcus aureus.

The rapid detection of pathogens that cause foodborne diseases
is necessary to provide a safe supply of hygienic food and water.
iyangcn@qq.com (Z. Li),

titute of Materia Medica, Chinese
The bacterial contamination in food and drinking water may cause
a fatal outbreak among people and can have a significant public
health impact, especially in populated areas. In China, foodborne
diseases have often been reported, among them, 38%–56% of the
cases are referred to pathogenic diseases [1].

Theproposedstudydealswiththeidentificationof threedifferent
pathogenic bacteria, e.g., E. faecalis, E. coli, and S. aureus. These types
of bacteria can cause severediseases to thehumanbody.E. faecalis is
capable of producing a variety of infections, including endocarditis,
urinary tract infections, wound infections, and so on [2]. The
foodborne pathogenic E. coli contamination is widespread for food
poisoning outbreaks. The pathogenic E. coli can cause extra-
intestinal infections, diarrhea, and hemolytic-uremic syndrome
[3–5].S. aureus is theprimarycauseof skinandsoft tissue infections.
It can lead to a range of diseases, from minor skin infections to
Academy of Medical Sciences. Published by Elsevier B.V. All rights reserved.
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Fig. 1. Components and schematic of the rapid bacterial identification system. The
system integrates three major components: Laser light, sample and assembly of
sensors.
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Fig. 2. The photo shows hardware components of the bacterial identification
system using laser light scattering.
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life-threatening conditions, such as skin infection, bloodstream
infection, sepsis, pneumonia, and toxic shock syndrome [6]. The
early detection of microbial pathogens helps in reducing food
contamination and improving food quality [7].

Nowadays, different latest techniques are being used for the
identification of the pathogens and considered as the screening test
for the identification of diseases. Polymerase chain reaction (PCR) is
the remarkable discovery that has revolutionized the field of
diagnosis, but PCR product contamination on opening a tube or
pipette complicates the results [8–10]. Enzyme-linked immunosor-
bent assay (ELISA) involves several steps, such as reagent selection,
temperatureandvolumemeasurement. Theoverall process requires
more time, is non-economical, and affects the results if the
parameters are not adjusted correctly [11,12]. The matrix-assisted
laser desorption ionization-time of flight mass spectrometry
(MALDI-TOF) requires much expensive and complicated equipment
and occupiesmore space [13]. The above-mentioned techniques are
laborious, time-taking,non-economicalandneedaskilledpersonfor
performingidentificationprocedures.Hence, thegivendrawbacksof
standard methods preclude their common use for rapid and label-
free identification of pathogenic bacteria [14–16].

The proposed system for pathogen identification works on the
basic principle of laser scattering from the microbes. The intensity
of the scattered light increaseswhen the bacteriumpasses through
the center of beam and then decreases as it moves out of the beam.
Therefore, different bacterial microbes exhibit their unique
patterns of scattered light. The surrounding photodetectors
convert the acquired scattered light into a voltage waveform.
The assembly of hardware is divided into three parts: (a) laser light,
(b) photo-detectors and (c) data acquisition system. The laser light
used in the systemhas awavelength of 660 nmwith a power rating
of 150mW. The wavelength of laser light must be smaller as
compared with the sizes of particles. Laser light is horizontally
polarized and focused on the center of curvature of the sample
flask by adjusting the three-axis positioning system.

After placing a sample inside the chamber, shine the laser
through the sample flask. The scattered light received by twelve
photo-detectors surrounded by the flask in the forward direction.
High-speed silicon photodiode ‘FDS100’ was used to convert the
light signal to an electrical signal (voltage), and an operational
amplifier ‘AD8675’ amplifies the acquired signal. The positioning of
photodetectors for collecting the scattered light is based on Mie
scattering plot. Mie scattering theory provides a mathematical
description of the light scattered by a spherical particle and
estimates the intensity of scattered light at different angles [17]. All
the bacterial microbes are non-spherical, and their dimensions
vary from 1mm to 4mm in proposed study. The strength of
scattered light depends on the type of bacterial microbes, and
different microbes exhibit different scattered light patterns. Mie
plot predicts that the maximum intensity of scattered light occurs
in the forwarding direction [18,19]. Therefore, the positioning of
twelve photodetectors is adjusted in forward direction. Fig. 1
shows the overall schematic design of the hardware. The national
instrument device PCI 6225was used for data collectionwith 1 kHz
frequency of sampling. PCI-6225 is interfaced with MATLAB
software to process the acquired data for developing a classifica-
tion algorithm for bacterial identification. The internal structure
and different components of the prototype are shown in Fig. 2.

The features extraction method based on power spectrum
characteristics was developed by Rami et al., and the given technique
was adopted for pathogens identification system with some
modification [20].Oneof the important characteristicsof theacquired
signal is the variation inwaveforms associatedwith different types of
bacteria. The feature extraction technique involves a discrete Fourier
transform (DFT) to transform the time-domain signal to a frequency
domain signal. A qualitative description of the frequency-domain
signalwasperformedusing statisticalmethods on the acquired signal
spectral amplitude and spectral sparsity.

The acquired data were segmented into small parts by the
windowing technique. The features were extracted from each
segment of data known as the analysis window. The time-domain
signal of lengthN is represented by x[j] with sampling frequency fs,
where j represents the time instant. The bacteria information
within a time-domain signal is represented by a function of
frequency X[k] by taking DFT, where k is the frequency index value.
The purpose of derivation from time-domain signal to frequency
domain signal is based on Parseval’s theorem,which states that the
summation of the square of the function is equal to the summation
of square of its transform (Eq. 1).

XN�1

j¼0

x j½ �j j2 ¼ 1
N
 
XN�1

k¼0

X k½ �X� k½ �j j ¼
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k¼0

P k½ � ð1Þ

The expression acquired from Parseval’s theorem was used to
evaluate the phase-excluded power spectrum P[k], given by the
multiplication of X[k] by its conjugation X*[k] divided by N. By
applying the Fourier transform on the signal, the acquired
frequency description of the signal shows symmetric response
with respect to zero frequency. Due to the symmetrical response,
all the positive and negative frequencies were utilized to estimate
the power spectral density. The time-domain signal cannot be used
directly to find the power spectral density. The power spectral
featureswere acquired byapplying the definition of amomentm of
the nthorder of power spectral density P[k] given by Eqs. 2-5 [21]:

mn ¼
XN�1

k¼0

knP k½ � ð2Þ
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Zero-order moment: This first feature of the waveform is
related to the total power in the frequency domain.

mo ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXN�1

j¼0

x j½ �2
vuut   ð3Þ

Second and fourth-order moments: The second feature of the
waveform is represented by the second moment, and the modified
spectrum k2P[k] is related to the product of frequency function X[k]
and k, given as (Eq. 4):
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By taking the square of the modified spectrum, give the third
feature as the root squared fourth-order moment (Eq. 5):
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A power transformation applied for normalizing the range of
mo, m2 and m4m4 and to reduce the noise effect on all features
based on moments, where the value of l is empirically fixed to 0.1
[22]. The three features acquired from the above equations are
represented by Eqs. 6-8:

f 1 ¼ log m0ð Þ ð6Þ

f 2 ¼ log m0 �m2ð Þ  ð7Þ

f 3 ¼ log m0 �m4ð Þ  ð8Þ
Sparseness: The fourth feature is defined as the energy of a

vector packed into only a few components and represented by
Eq. 9:

f 4 ¼ log
moffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

mo �m2
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mo �m4
p
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Waveform length ratio (WLR): The fifth feature of thewaveform
is the summation of the absolute value of the signal derivative.
However, the given function is independent of the scale of
amplitude of waveform (Eq. 10).

f 5 ¼ log

XN�1

j¼0
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��� ���
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The proposed system acquired the signal from 12 different
photodetectors with a sampling rate of 1 kHz. Five different
features were extracted from the received signal by each
photodetector and formed a vector represented by f = [f1, f2, f3,
[(Fig._3)TD$FIG]

Fig. 3. The waveform peak values are showing laser light scatteri
f4, f5]. Therefore, the total number of 60 features was created from
12 different channels.

Two different techniques for features selection were applied to
the extracted features: Differential evolution based feature
selection method (DEFS) and minimal-redundancy-maximal-
relevance criterion (mRMR). The DEFS was proposed by Rami
et al. to utilize a combination of differential evolution (DE)
optimization technique and a statistical repair mechanism. The
features selection method was based on features distribution
measures for finding a defined size of optimal features [23]. DEFS
algorithm uses a classifier to estimate the weight accuracy for
evaluating the classification ability. Two different classifiers, k
nearest neighbor (KNN) and support vector machine (SVM) were
considered to find out the best classification results for features
subset selection using DEFS. In mRMR, features selection is
dependent on mutual information of maximum dependency,
maximum relevance, and minimum redundancy criteria. The
mRMR algorithm, the selection of best features, is based on the
maximal statistical dependency criterion by using the mutual
information [24,25]. The joint selection of features was used to
increase the wrapper selection of features in achieving a higher
classification accuracy and fast speed. The above-mentioned
techniques were applied to the acquired data features from
different experiments for the selection of best features. The
features selection method was selected by finding the percentage
classification accuracy of each method by applying different
classifiers.

SVM is a supervised learning technique and considered to be a
robust classification method based on statistical learning theory
[26,27]. In this study, LIBSVM algorithm package was adopted,
which is one of the widely known state of the art tool for SVM as
machine learning classifier. LIBSVM provides four essential kernel
functions: linearity, polynomial, radial basis function, and sigmoid.
The sigmoid kernel function was chosen for training a classifier
because it shows a better boundary response in given data [28].
The optimal utilization of all information in the training data was
achieved byevaluating the cross-validation of the trainedmodel. In
cross-validation, the data set was divided into k subsets from
which k-1 set was used for training amodel and the remaining one
was used for evaluation. Repeat cross-validation for all the possible
choices of k subsets.

Different experiments were performed to collect the data from
bacterial samples for training a classifier. Ten different samples of
each bacterium, e.g., E. faecalis, E. coli, and S. aureus were used for
collecting data. Fig. 3 shows the acquired signal by the scattering of
light from the bacterial microbes at an instant of time. Each
waveform shows unique signal patterns due to the distinct shapes
and sizes of bacteria, which gives a qualitative approximation of
the expected results. In each figure, an instant of time when the
bacteria passed through a laser beam is represented by a vertical
red line. The features reduction methods were applied to reduce
the dimensionality and find the best features. Two different
ng measurements: (a) E. faecalis, (b) S. aureus, and (c) E. coli.
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Fig. 4. Average classification accuracies obtained from KNN and SVM classifier by means of features selection methods: (a) DEFS (b) mRMR.
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Fig. 5. Confusion matrix for the proposed bacterial identification system using
SVM.
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approaches, DEFS and mRMR were used to the extracted features,
and one of themethods was selected based on higher classification
accuracy. Since the specific size of most predictive features subset
is unknown, so the particular number of featureswas varied from5
to 60 with an increment size of 5 on each iteration. KNN and SVM
classifiers were used for finding the classification accuracy based
on particular features subset in both cases of DEFS and mRMR. The
classification performance was evaluated with 10-fold cross-
validation on the training set of given datasets. The average
classification result for DEFS gave higher accuracy when the
features subset size was 20 as shown in Fig. 4a. Overall, the
accuracy curve of each classifier shows non-linear behavior. On the
other hand, mRMR features selection method also gave higher
classification accuracy when the features subset was 20 as shown
in Fig. 4b. Hence, bothmethods were giving a higher efficiency at a
subset size of 20, but selected features from both methods were
different. Using DEFS with features subset size of 20, classifiers
KNN and SVM give classification accuracy of 88.7% and 86%,
respectively. While mRMR with classifiers KNN and SVM provides
higher accuracy value of 96.5% and 98%. The mRMR method
provides higher classification accuracy as compared with DEFS,
and the given results validate the application of mRMR with
selected subset of 20 features by using SVM.

The classification performancewas evaluated using a confusion
matrix provided in Fig. 5, the columns represent the predicted class
of bacterial microbes, while the rows represent the actual class of
the microbes. To understand the confusion matrix, the value 1514
in the first row and the first column corresponds to correctly
predicted values of E. faecalis out of an actual number of 1517
values of E. faecalis. Similarly, the second row corresponds to the
actual class values for E. coli and implies that 1360 values are
correctly classified as E. coli. In this way, the classification results
for S. aureus can be estimated.
The overall classification accuracy of the trainedmodel is 93.6%,
and the classification accuracies for E. faecalis, E. coli and S. aureus
are 99%, 87%, and 94%, respectively. Furthermore, the given results
are promising and validate the system for the rapid identification
of pathogens. This paper presented an automated bacterial
identification based on time-domain features extraction using
power spectral of signals and mRMR features reduction method.
Furthermore, SVM has been turned out as the more powerful
machine learning approach for general-purpose supervised
classification [29].

In summary, bacterial microbes were considered as small
particles. The different bacterial microbes have a distinct shape,
size, and internal characteristics, which result in distinct light
patterns when the laser beam passes through microbes. Three
different bacterial samples, E. faecalis, E. coli and S. aureus, were
investigated, and the scattered light from the bacterial microbes
was collected by the surrounding photo-detectors. The overall
results show that the system can detect and identify samples with
as few as 50–60 microbes in a volume of 10mL. The rapid bacterial
identification method is label-free and does not require any skilled
or trained person to operate the system. The system does not
require any lengthy sample preparation methods. The overall
process for bacterial identification system takes around 30min
from an isolated colony or pure liquid culture. The primary
laboratory tools, distilled water, and reusable sample vials are
required for performing identification test that makes the system
inexpensive as compared with other identification methods. The
testing time and cost-effectiveness of the approach may further
support its application in medical diagnostics, food safety, and
industries seeking rapid identification technology. The given study
proves the feasibility of bacterial identification using laser light
scattering and SVM.
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