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The rapid detection of microparticles exhibits a broad range of applications in the field of science and
technology. The proposed method differentiates and identifies the 2 pym and 5 pm sized particles using a
laser light scattering. The detection method is based on measuring forward light scattering from the par-
ticles and then classifying the acquired data using support vector machines. The device is composed of a
microfluidic chip linked with photosensors and a laser device using optical fiber. Connecting the photo-
sensors and laser device using optical fibers makes the device more diminutive in size and portable. The
prepared sample containing microspheres was passed through the channel, and the surrounding photo-
sensors measured the scattered light. The time-domain features were evaluated from the acquired scat-
tered light, and then the SVM classifier was trained to distinguish the particle’s data. The real-time de-
tection of the particles was performed with an overall classification accuracy of 96.06%. The optimum
conditions were evaluated to detect the particles with a minimum concentration of 0.2 pg/mL. The de-
veloped system is anticipated to be helpful in developing rapid testing devices for detecting pathogens
ranging between 2 pm to 10 pm.

© 2021 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

During the last decade, a lot of research has been done in devel-
oping new techniques for particle detection and characterization.
Real-time detection of microparticles has several applications in
medical sciences, including point-of-care biosensing, particle con-
tamination, and diagnosis and detection of diseases. The method
based on surface-enhanced Raman scattering (SERS) was devel-
oped for the rapid determination of alternariol (AOH) in pear fruits
[1]. The on-chip sensor was developed to detect particle contam-
ination in hydraulic oil using an impedance sensor [2]. The mi-
crofluidic chip was designed to detect Staphylococcus aureus using
immunomagnetic separation and fluorescence labeling [3]. Light
scattering techniques have three advantages; (1) non-invasive and
complicated sample preparation is not required except sample di-
lution, (2) light scattering methods are easy to use and provide
rapid results, and (3) relatively inexpensive instruments are used
to develop the particle detection system [4]. In addition, several
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design factors are considered for developing detection devices, in-
cluding miniaturization, portability, user-friendly, economical test-
ing, and less production cost [5,6].

Various techniques are being used to characterize particles, in-
cluding dynamic light scattering, elastic light scattering, inelas-
tic light scattering, and MIE theory [7]. These techniques require
implementing statistical analysis and mathematical modeling on
the data for distinguishing particles, which are complex and use
more computational power. Flow cytometry is one of the commer-
cially available equipments used for analyzing and counting par-
ticles present in fluids. Flow cytometry characterizes the particles
by measuring optical scattering properties. The commercial instru-
ment offers high output up to 10° particels/s [8]. However, there
are several drawbacks associated with cytometry, including high
cost, sophisticated and bulky instruments. The fine particle sensor
was developed using multi-angle light scattering. Three photodi-
odes were used to collect the scattered light, and the data fusion
theory was applied to calculate the particle size [9]. However, the
technique is valid only for detecting particles from the atmosphere
or in air medium. The hybrid integrated microsystem using CMOS
technology was developed for particle detection in liquid suspen-
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Fig. 1. (a) The 2D scheme of the microfluidic chip designed using AutoCAD soft-
ware. (b) Fabricated microfluidic device connected with optical fibers, inlet, and

outlet channel. (c) Experimental setup for performing the sample classification ex-
periment to acquire scattering light data.
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sion. The detection procedure was based on imaging technology
with a detection limit of 10 um sized particles. The chip circuitry
is complicated because of embedded electrical components that
make the chip much expensive [10].

The research aimed to develop an integrated and miniaturized
microfluidic device that reduces the manufacturing cost, lowers the
instrument size, improves portability, and shortens detection time.
Our work follows the preceding research for detecting microbial
particles based on measuring laser scattering from the sample [11-
13]. The previously developed system was bulky, and the detection
method was based on acquiring dynamic light scattering from the
sample. Here, we present the design, fabrication, and testing of an
on-chip device linked with optical fibers for passing and collecting
the scattered light. The proposed method uses forward light scat-
tering as the basic principle for the rapid classification of particles.
The variation in size, shape, and material of the particles create
unique light patterns [14]. Therefore, different intensities of the
forward scattered light at various angles can be used to identify
particles.

The microfluidic chip with a single channel was fabricated to
pass the testing sample. The laser light and a pair of photosen-
sors were coupled inside the chip using an optical fiber. The light
was passed from the channel where the test sample passed, and
a pair of photosensors collected the scattered light. The scattered
light was converted from the light to an electrical signal (voltage)
using photosensors. The noise was removed from the data, and the
time-domain features were extracted. The acquired features were
trained to develop support vector machines (SVM) classifier for
data classification. The results were validated by testing the clas-
sifier using testing data.

The assembly for optical scattering consists of four parts: mi-
crofluidic chip, laser light, photosensors, and data acquisition de-
vice. The initial design of the microfluidic chip was created us-
ing AutoCAD software (version R.47.0.0, 2021, Autodesk, USA). The
microfluidic chip was fabricated using soft lithography and poly-
dimethylsiloxane material (PDMS) [15]. The laser light with a
wavelength of 650 nm was pointed towards the channel where the
sample flowed continuously. A pair of photodiodes were positioned
at 45¢ in forward direction of the laser light referenced to the mi-
crofluidic channel. The positioning of the photodiodes is to ensure
the capturing of maximum scattering of light. Equipment details
are mentioned in Supporting information. Fig. 1a shows the 2D de-
sign of the microfluidic chip created by using AutoCAD software.
The two optical fibers were connected with photosensors, while
the other was connected with a laser device. Fig. 1b shows the

1886

Chinese Chemical Letters 33 (2022) 1885-1888

image of the developed microfluidic chip connected with optical
fibers for linking two photosensors (PS1 and PS2) and laser light.
Whereas the inlet was used to inject the test sample, and the chip
outlet was used to remove the sample waste. Fig. 1c shows the
overall experimental setup for acquiring the scattered light from
the sample using a microfluidic device.

The NI-USB 6001 (National Instruments, United States) is the
data acquisition device set at a 1 kHz sampling frequency to read
1000 data values per second. The data acquisition assembly was in-
terfaced with a computer using MATLAB software (version R2020b,
MathWorks). The acquired data were further processed for features
evaluation after removing unwanted noise using the Butterworth
filter [16].

The sample concentration is the critical parameter in particle
classification using light scattering. When the concentration of par-
ticles is too less, insufficient light scattering will be achieved, lead-
ing to a loss in data and affecting the measurement results. Simi-
larly, when the concentration of the particles is very high, the light
scattering will be distorted, and unstable data will be achieved due
to particle-particle interactions [17]. In both cases, the output re-
sults will be noisy, and the wrong interpretation of the particles
will be expected. Therefore, the evaluation of the optimum concen-
tration is essential to achieve accurate results. The 2 pm (22305-
10) and 5 pm (22306-1) sized spherical particles with an initial
10 mg/mL concentration were purchased from Beaver Beads, China.
The concentration of the particles was diluted to create five differ-
ent dilutions of 200, 20, 2, 0.2, and 0.02 pg/mL. Each dilution was
used as a test sample to estimate the optimum dilution for acquir-
ing higher classification accuracy. Then, the samples were injected
into the microfluidic chip for collecting light scattering.

A pair of photosensors were used for collecting the scattered
light from the sample in the microfluidc chip. Therefore, two wave-
forms were acquired for each experiment. Five different time-
domain waveform features were evaluated from the data after re-
moving noise. Each feature provides the unique attribute of the
waveform. The data segmentation was applied that split the data
into small segments with a segment size of 250 ms for evaluat-
ing features. The segment was displaced over the waveform with
an increment of 150 ms after evaluating features from the previ-
ous segment [18]. The data features are presented by five different
statistical moments: standard mean, standard variance, skewness,
kurtosis, and coefficient of variation. The standard mean defines
the average values in the segmented waveform. Standard variance
measures that how far the waveform moves away from the mean
value. Skewness describes the symmetry of signal distribution that
indicates how the waveform moves away from the normal distri-
bution. Kurtosis defines the distribution shape of a signal relative
to Gaussian distribution. The coefficient of variation is the value
acquired by the ratio of standard deviation to the mean value. The
coefficient of variation is the value acquired by the ratio of stan-
dard deviation to the mean value [19].

The support vector machine algorithm is based on statistical
learning tool. SVM is a supervised machine learning method used
for finding a function in multidimensional space to separate train-
ing data with known labels [20]. The calculated features from two
different samples were labeled to define each class of particles. The
features obtained from the 2 pm sized particles were labeled by
1, whereas the obtained features from 5 pm sized particles were
labeled by 2. The labeled features were combined and arranged
randomly for applying SVM. The features were divided into two
groups, the training data set contained 70% of the features, and the
remaining 30% features were used as a testing dataset. The train-
ing data were used to create SVM model, and then the trained SVM
model was tested by predicting the testing data.

A single syringe pump was used to inject the diluted samples
into the chip with a speed of 50 puL/h. The experiments were per-
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Fig. 2. The output waveforms were acquired by light scattering from the particles:
(a) 2 pm, (b) 5 pm.
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Fig. 3. (a) Number of peaks acquired from five different dilutions of the sample.
(b) Confusion matrix plotted from the parameters obtained from the classification
of 2 ym and 5 pm sized spherical particles.

formed separately for different samples containing 2 pm and 5 pm
sized particles. The laser light was passed through the sample, and
the surrounding pair of photosensors acquired the scattered light
converted to an electrical signal. Fig. 2 shows the data collected
by scattered light waveform from two different samples contain-
ing 2 pym and 5 pm sized particles. The waveforms acquired from
two different samples show unique variations with time. Thus, the
nature of non-uniform signals is efficient in generating distinct fea-
tures used for classifying the signals.

Initially, five different concentrations of the samples (200, 20, 2,
0.2, and 0.02 pg/mL) were prepared and tested to get the scattered
light waveforms. Then, the number of peaks was acquired from
the waveform to estimate the optimum concentration. The peaks
are the maxima and minima of the waveforms used to describe
the variations occurring in the data. The recorded number of peaks
were 36, 58, 72, 76, and 4 for each of the concentrations 200, 20,
2, 0.2, and 0.02 pg/mL, respectively, as shown in Fig. 3a. The higher
number of peaks was 76 at a concentration of 0.2 pg/mL from the
given results. Therefore, the sample concentration was maintained
at 0.02 pg/mL for performing the identification experiments.

The two samples containing 2 pm and 5 pm sized particles
were prepared with a concentration of 0.02 pg/mL to perform par-
ticle classification experiments. Each of the two samples was in-
jected separately in the microfluidic chip, and the acquired data
were used to estimate the time-domain features. Five distinct
time-domain features were evaluated from each waveform. There-
fore, the total number of ten features was obtained from the two
waveforms of each experiment. The features from both samples
were combined and labeled for performing SVM classification.

The performance evaluation of the classifier was estimated by
creating a confusion matrix using SVM outcomes, as shown in
Fig. 3b. There are four parameters used to create a confusion ma-
trix, including true-positive (Tp), true-negative (Ty), false-positive
(Fp), and false-negative (Fy). The Tp and Ty values define the cor-
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Table 1

Assay metrics for the identification of particles.
Particle size Accuracy Precision Recall Specificity F-score
2 ym 94.3 94.3 100 88.4 97
5 pm 100 100 88.4 100 93.9

rect or true predicted outcomes of both samples. Whereas the Fp
and Fy are the incorrect or false predicted outcomes. The parame-
ter values from the confusion matrix were used to assess the per-
formance analysis of the trained model using accuracy, precision,
recall, specificity, and F-score. The accuracy measures the correctly
identified outcomes. Precision is the ratio of correctly identified
outcomes to total predicted values of the respective sample. The
recall is the ratio of correctly identified outcomes to all observa-
tions in the actual class. Specificity estimates the proportion of cor-
rectly identified false results to the total number of false predicted
values. F-score is the weighted average of precision and recall [21].
The parameters to evaluate the performance analysis are presented
as Egs. 1-(5):

Accuracy = TS e oy ;2—:_2? R (M
Precision = TPTTPFP (2)
Recall = T T:FN 3)
Specificity = 5 ]—ETN (4)
F-score = % (5)

The overall classification accuracy of the model is based on the
number of correctly predicted outcomes divided by the total num-
ber of outcomes (Eq. 6).

Total correctly classified results

Total number of data set x 100%

(6)

The confusion matrix consists of two rows and two columns.
The values in the confusion matrix represent the number of fea-
tures set that the SVM trained model predicted. The values in rows
represent the actual class, while column values represent the ex-
pected outcomes of the test sample. The value in first row and
first column of the confusion matrix shows that 3003 values were
correctly identified for data acquired using 2 pum sample. Similarly,
1383 values were correctly determined for data obtained by 5 pym
sample. On the other hand, the first row and second column pa-
rameter shows that 180 values of 2 pm sample were incorrectly
identified as 5 pm sample. Whereas there was no misclassification
occurred for the 5 pym sample. The overall values acquired by the
confusion matrix are termed as Tp = 3003, Ty = 1383, Fp = 180,
Fy = 0. The confusion matrix values were applied on Eqs. 1-6 to
estimate the performance analysis of the trained model, presented
in Table 1. The trained model shows a higher classification accu-
racy of 96.06% to classify samples containing 2 pm and 5 pm sized
particles. The performance analysis for each sample was obtained
by specifying the parameters. The classification accuracy for each
sample containing 2 pm and 5 um sized particles were 94.3% and
100%, respectively. The higher classification accuracy of the sample
with 5 pm sized particles compared with a sample of 2 pm par-
ticles is because bigger size particles create a higher scattering of
light. Differences in the scattering of light make distinct waveform
features. The acquired results show promising results that validate
the proposed technique for the identification of the particles.
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This paper provides an investigation for the on-chip detection
of the spherical microparticles. The experiments were successfully
performed for the classification of 2 pm, and 5 pum sized parti-
cles. The basic principle of methodology is to analyze the scat-
tering of light from particles of different sizes. The given method
is based on the classification of the forward scattering light using
machine learning. The device is composed of a microfluidic chip
for passing samples, using the minimal test sample. Furthermore,
the photosensors and laser device were used for detecting the scat-
tered light. The photosensors and laser device were linked with
optical fibers that were embedded in the microfluidic device. The
given assembly makes the device portable and can be easily re-
assembled. The optimum concentration was evaluated to acquire
a higher classification accuracy. The sample was injected into the
chip, and data were obtained for acquiring time-domain features.
The features were trained using an SVM classifier, and the testing
data were used to evaluate the classification accuracy and other
performance analysis. The higher classification accuracy validates
the device for detecting particles of different sizes. The proposed
particle detection technique will be implemented on various other
applications for analyzing and characterizing biological samples in
the future.
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