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Abstract

Cancer remains a leading cause of mortality worldwide, with lung cancer accounting for
the highest proportion of cancer-related deaths. Early detection of circulating tumor cells
(CTCs) is crucial for timely diagnosis, prognosis assessment, and treatment monitoring.
However, CTCs are extremely rare in peripheral blood, with approximately one CTC per
106–107 white blood cells, making their isolation and detection technically challenging.
This thesis presents the development of an integrated Lab-on-a-Chip (LoC) platform for
the isolation, detection, and counting of A549 lung cancer cells using a combination of
magnetic separation, impedance measurement, and machine learning techniques.

The research objectives are: (1) to investigate and develop an integrated Lab-on-a-
Chip platform by designing and fabricating a microfluidic device with optimized magnetic
separation structures, and CTC detection and enumeration system; and (2) to experimen-
tally validate the proposed system and systematically evaluate its performance in terms of
capture efficiency, detection accuracy, and robustness under relevant operating conditions.

The proposed system employs superparamagnetic Fe3O4 nanoparticles functionalized
with EpCAM-specific aptamers for selective binding to A549 cancer cells. The microfluidic
chip features a serpentine channel design with optimized trap regions that generate high
magnetic field gradients under an external permanent magnet. An impedance measure-
ment circuit based on lock-in amplification technique was developed to capture cellular
impedance signals. Signal processing algorithms utilizing peak detection and machine
learning models were implemented for automated cell classification and counting.

Simulation results demonstrate capture efficiencies of 80%, 94%, and 100% for mag-
netic bead sizes of 1.36 µm, 3.00 µm, and 4.50 µm, respectively. The fabricated mi-
crofluidic chip with channel dimensions of 30 µm enables single-cell flow alignment for
precise impedance measurement. The impedance measurement system successfully dis-
tinguishes cell signals characterized by bipolar peaks from background noise. Machine
learning models, including IsolationForest and OneClassSVM, achieved classification ac-
curacy exceeding 88% for cell signal recognition.

This thesis contributes to the field of cancer diagnostics by presenting a compact,
cost-effective, and automated platform for CTC detection. The integration of magnetic
separation, impedance sensing, and intelligent signal processing on a single microfluidic
chip provides a promising approach for point-of-care cancer screening applications. Future
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work will focus on clinical validation with patient blood samples and further optimization
of system sensitivity and specificity.
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Dissertation Introduction

Background and context of the research

Cancer remains a leading cause of mortality worldwide, with metastasis accounting for
the majority of cancer-related deaths. Circulating Tumor Cells (CTCs), which detach
from primary tumors and enter the bloodstream, are key drivers of metastasis. The de-
tection and isolation of CTCs offer significant potential for early diagnosis, prognosis, and
monitoring of cancer treatment. However, CTCs are extremely rare in peripheral blood,
making their isolation a significant technical challenge. Recent advancements in microflu-
idic technology provide promising solutions for the efficient and label-free separation of
CTCs.

Objective and significance of the research

The primary objective of this research is to develop and optimize a microfluidic system
for the high-efficiency isolation and analysis of CTCs. This study aims to address the
limitations of current isolation methods by integrating novel separation techniques. The
significance of this research lies in its potential to provide a reliable, low-cost, and non-
invasive tool for liquid biopsy, ultimately contributing to better patient outcomes through
personalized medicine.

Main contributions of the dissertation

The main scientific and technological contributions of this dissertation can be summarized
as follows:

1. Integration and successful fabrication of a multifunctional microfluidic Lab-on-a-
Chip system capable of detecting and counting lung cancer cells. The chip combines
several functional modules on a single platform, including magnetically assisted and
inertial microfluidic separation, single-cell encapsulation in droplets, impedance-
based cell counting, and machine-learning-based signal processing for automatic
classification of measurement signals.

xvi
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2. Proposal and validation of new methods for cell detection, classification, and sepa-
ration that exploit electromagnetic techniques and image processing in combination
with advanced machine learning models. These methods leverage magnetic forces,
non-uniform electric fields, impedance cytometry, and deep-learning-based image
analysis to enhance the accuracy and robustness of cancer cell isolation and analy-
sis.

Scientific and practical significance

Scientifically, this dissertation contributes to the understanding of microfluidic dynamics
and cell manipulation techniques, specifically focusing on the interaction between physical
forces and biological cells. Practically, the developed system offers a tangible device that
can be deployed in clinical settings for routine cancer screening and monitoring, bridging
the gap between engineering innovation and medical application.

Methods and scope of the study

This study employs a combination of numerical simulation and experimental validation.
The scope includes the design and fabrication of microfluidic devices, characterization of
fluid flow and particle behavior, and testing with biological samples including cancer cell
lines and blood samples. The research focuses on specific isolation mechanisms such as
dielectrophoresis (DEP) or magnetic-activated cell sorting (MACS) within microfluidic
channels.

Overview of the dissertation structure

The dissertation is organized as follows:

• Chapter 1 provides an overview of cancer metastasis, CTCs, and existing isolation
technologies.

• Chapter 2 details the theoretical background and simulation of the proposed mi-
crofluidic methods.

• Chapter 3 describes the material preparation, experimental setup, and fabrication
processes.

• Chapter 4 presents the results and discussion of the experimental findings.

• Conclusion summarizes the key contributions and suggests future research direc-
tions.



Chapter 1

OVERVIEW OF THE RESEARCH

1.1 Overview of the cancer situation

Cancer constitutes the second leading cause of death globally, following cardiovascular
disease. It represents a malignant cellular disorder characterized by unlimited prolifer-
ation that circumvents the body’s regulatory mechanisms. The invasive, recurrent, and
metastatic nature of cancer renders complete treatment exceedingly challenging. Accord-
ing to the Vietnamese Ministry of Health, only 185 out of 204 countries have reported
cancer incidence statistics to GLOBOCAN. Based on GLOBOCAN statistics for 2020,
both cancer incidence and mortality rates worldwide demonstrate an upward trend. In
Vietnam, an estimated 182,563 new cases and 122,690 cancer-related deaths were recorded
(Figure 1.1). For every 100,000 individuals, 159 receive a new cancer diagnosis while 106
succumb to the disease. Vietnam ranks 91st out of 185 countries in terms of incidence
rate and 50th in terms of mortality rate per 100,000 population [1]. The corresponding
rankings for 2018 were 99th and 56th, respectively, out of 185 countries. These data
indicate that both new cases and cancer-related deaths in Vietnam are increasing rapidly.
This trend parallels that observed in numerous countries worldwide, including developed
nations such as the United Kingdom, France, Italy, Japan, South Korea, Thailand, and
the United States. However, cancer mortality rates in these developed countries are de-
clining. In Vietnam, the most prevalent cancers among men include liver, lung, stomach,
colorectal, and prostate cancer, accounting for approximately 65.8% of all malignancies.
Among women, the most common cancers comprise breast, lung, colorectal, stomach, and
liver cancer, representing approximately 59.4% of all cases. Cancers affecting both gen-
ders predominantly include liver, lung, breast, stomach, and colorectal malignancies [2].
Although lung and bronchial cancer ranks second in terms of new cases, it accounts for the
highest proportion of cancer-related deaths in both genders, representing approximately
20% of all cases [1]. Typically, lung tumors measure 2–10 cm in diameter or larger at
the time of detection, substantially reducing treatment efficacy. Consequently, recent re-

1
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search endeavors have focused on developing molecular diagnostics for early-stage cancer
detection, prior to metastasis. Earlier detection of cancer in general, and lung cancer
in particular, enables clinicians to implement more appropriate and effective treatment
strategies.

Metastasis represents the primary cause of tumor-related mortality, and the dissem-
ination of tumor cells through the circulatory system constitutes a critical step in the
metastatic cascade. Therefore, early detection and analysis of circulating tumor cells
(CTCs) proves crucial for early diagnosis, prognosis determination, and facilitation of
timely treatment interventions [3]. Accurate and reliable methodologies for CTC isola-
tion and detection represent essential factors for obtaining clinical information regarding
cancer progression. Over the past two decades, microfluidic technology has demonstrated
substantial potential for isolating and detecting CTCs from blood specimens. This study
developed advanced microfluidic technologies to establish a Lab-on-a-Chip device platform
for CTC isolation and detection based on diverse biological and physical principles [4].

Figure 1.1: Statistical results according to GLOBOCAN 2020 on the cancer situation in
Vietnam: (a) Number of new cases in both genders; (b) Number of new cases in males;
(c) Number of new cases in females [5].

Over 90% of cancer-related deaths are attributable to metastasis, a complex multi-
step process. Initially, tumor cells escape from the primary tumor, subsequently invading
blood vessels, traveling through the bloodstream, extravasating at a distant site, and ul-
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timately establishing a secondary tumor. These mobile tumor cells can infiltrate adjacent
blood vessels and circulate throughout the body, hence their designation as circulating
tumor cells (CTCs). CTCs that survive in circulation attach to blood vessel walls and ex-
travasate to distant sites to form secondary tumors. Some metastatic tumor cells enter a
dormant state, while others disseminate to additional sites. This behavior depends on the
metastatic microenvironment, wherein metastatic cells may exhibit expression patterns
distinct from those of primary tumor cells. Currently, cancer incidence rates continue to
rise, and the majority of patients presenting for cancer diagnosis are often in advanced
stages. Therefore, screening, surveillance, and early diagnosis assume paramount impor-
tance in patient treatment. Earlier diagnosis correlates with enhanced treatment efficacy
and increased probability of cure.

Figure 1.2: Diagram illustrating tumor metastasis via CTCs/CTM [3].

Figure 1.2 illustrates the metastatic process through circulating tumor cells (CTCs).
During metastasis, tumor cells detach from the primary tumor and enter the circulatory
system, thereby becoming circulating tumor cells. This process involves the epithelial-to-
mesenchymal transition and marks the initial stage of metastasis [6]. During circulation in
the bloodstream, the majority of CTCs undergo programmed cell death (apoptosis) and
necrosis, releasing debris, cell fragments, and intracellular substances including circulating
tumor microemboli (CTM) and circulating tumor DNA (ctDNA) [6]. In addition to
CTCs, CTMs are also present in the blood, although their occurrence in the circulatory
system is even rarer than that of CTCs. CTCs can detach from CTMs when subjected
to shear forces or frequent collisions within blood flow; conversely, they can attach to
tumors or other blood cells upon collision due to cellular adhesion. The microenvironment
established within CTMs is unique, affording protection to the enclosed tumor cells from
damage. Consequently, CTMs are considered more dangerous than individual CTCs
because tumor cells can dissociate and proliferate within blood vessels and may cause
vascular rupture. In contrast, individual CTCs typically must extravasate from blood
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vessels to proliferate and form metastases.
The discovery of circulating tumor cells was first reported circa 1869. However, re-

search on CTCs remained limited because circulating tumor cells are exceedingly rare
in blood, with approximately one CTC per 106–107 white blood cells in the peripheral
blood of cancer patients, rendering enrichment and detection challenging. Recently, with
the rapid advancement of science and technology, CTC research has attracted consider-
able attention from research groups worldwide. In studies of CTC detection and analysis
devices, the isolation and separation of CTCs to enhance their concentration plays a cru-
cial role in improving detection and measurement performance in patient samples. This
approach significantly impacts diagnostic accuracy and treatment efficacy while provid-
ing a minimally invasive method for determining patient cancer status. Two principal
types of lung cancer exist: non-small cell lung cancer (NSCLC) and small cell lung can-
cer (SCLC) [7]. NSCLC accounts for the majority of lung cancer cases and progresses
more slowly. Early detection combined with immediate treatment offers substantial po-
tential for successful recovery. Treatment may incorporate various modalities including
surgery, radiation therapy, and chemotherapy. SCLC represents a rapidly progressing
form of lung cancer that frequently disseminates rapidly to other body regions through
the bloodstream. SCLC is often diagnosed at an advanced stage, with chemotherapy
constituting the typical treatment approach [8].

1.2 Microfluidic technology for circulating tumor cell
testing

Currently, cancer diagnosis relies on a variety of methodologies. At the clinical diagno-
sis stage, clinicians often consider the patient’s family history, personal history, medical
history, and symptoms indicative of specific cancer risks before conducting clinical ex-
aminations. Clinical examination can detect tumors through visual inspection and pal-
pation, assess tumor size and characteristics (hardness, mobility, ulceration), evaluate
lymph node status, and identify other relevant phenomena. Additionally, ancillary exam-
inations provide more detailed information regarding the patient’s condition. Common
clinical investigations include hematological tests such as complete blood counts and bone
marrow examinations; utilization of tumor markers for screening, monitoring, treatment
efficacy evaluation, recurrence detection, and prognostication; endoscopy; and imaging
techniques including X-ray, ultrasound, computed tomography (CT), and magnetic reso-
nance imaging (MRI), which can detect both superficial masses (breast, thyroid, etc.) and
deep-seated masses (liver, pancreas, pelvis, etc.) [9]. Furthermore, cytological diagnosis
employing cell block techniques and biopsy offers several advantages over histopathological
diagnosis, including rapid results, procedural simplicity, reduced cost, fewer complications,
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and compatibility with immunohistochemical staining [10]. Moreover, histopathological
diagnosis is regarded as the “gold standard” for confirming cancer diagnosis using speci-
men collection methods such as needle biopsy, punch biopsy, endoscopic biopsy, and open
surgery. Histopathological analysis enables determination of tumor nature (benign or
malignant), cancer type identification, histological classification, grading, and supports
additional tests including immunohistochemistry and molecular biological diagnosis [11].
However, biopsy procedures may encounter complications such as bleeding, blood clots,
pain or discomfort, infection, and pneumonia.

Concurrent with advances in microfabrication technology and the integration of phys-
ical methods on microfluidic platforms, current research predominantly focuses on com-
plete testing chips (lab-on-a-chip) applied in point-of-care diagnostics. This integration
confers benefits including size reduction, cost reduction, and minimization of required
chemicals. Furthermore, the microfluidic platform facilitates the integration of auxiliary
components and processes such as sample pretreatment (e.g., cell lysis or cell staining)
directly on the microfluidic chip. Simultaneously, the chips employed in these applica-
tions can be disposable, providing a sterile environment that eliminates the risk of cross-
contamination and hazards associated with handling biological samples. The majority of
methods for detecting circulating tumor cells in blood are performed using commercial
equipment systems such as flow cytometers, the CellSearch system, high-quality fluores-
cence scanning microscopes, fiber-optic array scanning technology (FAST), isolation by
size of epithelial tumor cells (ISET) [12], and laser scanning cell analyzers [13].

The integration of cell-based diagnostic systems with microfluidic platforms not only
offers advantages in terms of testing time and cost but also creates new opportunities
for biomedical research. The development of microfluidic flow cytometry devices [14]
can disseminate this technology to laboratories, facilitating biological research including
cancer studies, drug development, and genetic research. Additionally, these microfluidic
devices reduce testing time for patients, minimize required sample volumes, and decrease
the economic burden of testing [11].

Over the past two decades, microfluidic technologies for CTC isolation have garnered
significant attention due to their integration into microfluidic structures that isolate CTCs
based on various physical methods [10]. By exploiting biological differences between CTCs
and normal cells, microfluidic platforms enable precise isolation of CTCs from millions
of background cells. Furthermore, the low shear stress exerted on CTCs in microchan-
nels due to laminar flow within the microfluidic structure permits intact CTCs to be
isolated for subsequent testing and culture [9], [15]. Multi-step isolation processes, incor-
porating biological and physical isolation principles along with advanced nanotechnolo-
gies, can be integrated onto chips within microfluidic platforms to achieve higher CTC
isolation efficiency [4], [16]. Microfluidic devices can also be mass-produced, enabling
cost-effectiveness.
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Microfluidic systems offer several advantages over alternative methods and devices due
to their simplicity and rapid analysis time. Furthermore, these systems permit reduced
blood sample volumes and whole blood analysis without prior sample preparation. Ad-
ditionally, CTC isolation and detection based on microfluidic platforms presents several
advantages:

1. The patient’s peripheral blood can be directly introduced onto the microfluidic chip
without prior dilution, labeling, fixation, or other processing steps;

2. The cost of microfluidic chips is considered relatively low;

3. Sensitivity is relatively high (approximately 70% of CTCs can be captured at a level
of 3–5 cells/mL of blood);

4. CTCs isolated and enriched by microfluidic chips can be utilized for subsequent
phenotyping and molecular analysis [9].

1.3 Research on the isolation and separation of CTCs

The majority of cancers originate from epithelial cells. Methods for enriching epithelial-
derived CTCs from blood samples are based on this histological origin. For instance,
blood cells belong to the connective tissue type. Connective tissue and epithelial cells
differ not only in size, shape, and nuclear characteristics but also express different surface
receptors, such as the absence of CD45—a marker of all leukocyte types—in epithelial
cells [12]. Conversely, numerous markers typical of epithelial cells are absent in blood
cells, including: EpCAM (epithelial cellular adhesion molecule), E-cadherin, Cytokeratin
(Cks), Zonula occludens (ZO), and ESPR1 (Epithelial splicing regulator 1) [7], [16], [17],
[18], [19]. . . Additionally, evaluation of receptor expression levels on the cell surface en-
ables distinction between normal and abnormal epithelial cells. For example, EpCAM is
expressed at low levels in healthy epithelial cells but is overexpressed in certain cancer cell
types [3]; alternatively, increased N-Cadherin and decreased E-Cadherin serve as markers
for identifying cancer cells and CTCs in blood [6] because E-Cadherin is highly expressed
in epithelial cells as it participates in maintaining cell-cell junctions, whereas in cancer
cells, this protein is poorly expressed; N-Cadherin is highly expressed in cells undergoing
epithelial-mesenchymal transition, whereas these proteins are not abundant in normal
cells. Numerous commercial devices have been continuously researched and developed in
recent years for isolating and detecting CTCs from blood.

Several commercial devices utilized for CTC isolation are presented in Figure 1.3.
MACS® (Miltenyi Biotec) performs cell sorting using magnetic-activated cell sorting
(MACS) [20], a common method for isolating CTCs from blood employing 50 nm di-
ameter magnetic beads. Anti-EpCAM-coated magnetic beads are utilized to directly
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isolate CTCs as a positive selection method, while Anti-CD45-coated magnetic beads are
employed to reduce the number of normal blood cells as a negative selection method [21].
Polymer-coated columns are utilized to generate a large gradient magnetic field from an
external magnetic source. In positive isolation, CTCs are first captured on the column and
subsequently retrieved by removing the external magnetic source. Conversely, in negative
isolation, CTCs are enriched while normal blood cells are retained by the functionalized
columns. Additional commercial products for CTC separation using magnetic methods
include Dynabeads™ (ThermoFisher Scientific) [21]. Dynabeads represents an immuno-
magnetic capture method using magnetic beads (diameter 2.8 µm, M280-Dynabeads; or
diameter 4.5 µm, M450-Dynabeads). Dynabeads can be coated with Anti-EpCAM and
Anti-CD45, available for positive selection (Dynabeads™ Epithelial Enrich) and negative
selection (Dynabeads™ CD45), respectively [21], [22].

Due to its simple structure and operational process, the utilization of microfluidic
structures represents the most convenient approach for capturing single cells. C1 (Flu-
idigm) constitutes an automated system for capturing single cells into 800 individual
microchambers within an integrated fluidic circuit (IFC). Although the system requires
sample preparation procedures to purify target cells and cannot individually separate cap-
tured single cells, these captured single cells can be automatically stained within the IFC
for viability monitoring, surface labeling, or reporter gene analysis under a microscope.
Furthermore, captured cells can be automatically processed to prepare single-cell samples,
which can be collected for subsequent qPCR or sequencing analysis.

Dielectrophoresis (DEP) is a liquid biopsy separation method based on the differential
movement of particles with different polarities under a non-uniform electric field. Mi-
crochips employing DEP technology have been developed to isolate and capture CTCs
through multiple integrated electrodes, generating a non-uniform alternating electric field
within liquid structures. The Apostream™ system from ApoCell [23] represents the first
commercial product utilizing DEP forces to separate CTCs and leukocytes based on their
conductivity differences [24]. However, this device requires an initial enrichment step.
The reported capture rate exceeds 70%, viability exceeds 97%, and processing time is 1
hour for a 10 mL blood sample; however, the obtained purity is less than 1% [25].

DEPArray (Menarini-Silicon Biosystems) is a commercial product that traps single
cells into 16,000 individual electrode cages integrated into the structure of a microflu-
idic device based on the DEP phenomenon. After identifying trapped single cells using
integrated fluorescence microscopy, the cells of interest are sequentially transferred to ad-
jacent chambers by electric field control, encapsulated into a single droplet, and finally
released into a receiving chamber as one or more cells. Similar to microfluidic devices,
the DEPArray system also requires a pre-enrichment process to isolate target cells from a
heterogeneous cell mixture. For example, prior to analyzing single CTCs with DEPArray,
some studies have utilized the CellSearch system to enrich CTCs from blood to identify
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mutations through sequencing based on patient samples from breast cancer patients [12],
[26].

Figure 1.3: Selected commercial products for microfluidic systems in CTC isolation
and detection from blood: (a) MACS® (Miltenyi Biotec) [20]; (b) Dynabeads™ (Ther-
moFisher Scientific); (c) C1 (Fluidigm) [27]; (d) DEPArray system (Menarini-Silicon
Biosystems) [23] and corresponding microfluidic device.

In practice, numerous studies have integrated the principle of dielectrophoresis with
microfluidic structures to isolate CTCs from mixtures containing normal cells. The re-
search group of Chun-Ping Jen and colleagues developed a system capable of efficiently
separating cervical carcinoma cells (HeLa) from peripheral blood samples. The circular
microelectrodes generate a stepped electric field by switching the electric field between ad-
jacent electrode pairs using a control relay. The magnitude of the dielectrophoretic force
(DEP) acting on HeLa cells is approximately seven times greater than that on red blood
cells (RBCs) under a specific electric field distribution in a sucrose medium, enabling the
separation of HeLa cells from normal blood cells. Consequently, HeLa cells are concen-
trated at the central microelectrode and isolated from the blood sample. The experimental
results demonstrate the feasibility of isolating HeLa cells from blood samples [28], [29].
Additionally, the research group proposed a microfluidic structure employing the DEP
principle to separate HT29 cells from blood mixtures.

Figure 1.4 presents a block diagram of a CTC cell separation system utilizing mag-
netic nanoparticles and biological antibodies combined with microfluidic technology. The
biochip structure comprises two parts: the first part separates white blood cells (WBCs)
from the solution using a combination of magnetic nanoparticles and antibodies that
specifically recognize WBCs (CD45 antibodies). The second part of this structure is the
GASI region, where cells filtered in the first part pass through the GASI region to sep-
arate cells expressing the EpCAM membrane protein using EpCAM-specific antibodies
functionalized on the channel walls. At this step, EpCAM-expressing cells are enriched



CHAPTER 1. OVERVIEW OF THE RESEARCH 9

in the fluid channel. According to the authors’ report, this µ-MACS system permits the
separation of 763 cancer cells in 5 mL of blood at a flow rate of 400 µm/min. The can-
cer cells were classified with separation efficiencies of 10.19% and 22.91% based on the
corresponding membrane proteins EpCAM or HER2 [15].

Figure 1.4: Block diagram of a CTC cell separation system utilizing magnetic nanoparti-
cles and biological antibodies [15].

A turbulent mixer was employed to increase the probability of contact between cells
and surfaces functionalized with antibodies. The herringbone (HB) pattern exemplifies a
structure utilized to create turbulent mixing in microchannels where CTCs or WBCs can
be captured and separated within the microfluidic structure. Recently, mixed patterns
and wavy herringbone (HB) structures have been developed to improve the performance
of CTC isolation. The Soper group and colleagues introduced a curved microchannel
structure coated with cancer cell-specific antibodies or aptamers. The BioFluidica CTC
detection system represents a modular microfluidic system for detecting CTCs, compris-
ing three functional modules: (I) CTC capture, (II) impedance sensing, and (III) image
analysis, as illustrated in Figure 1.5. Instead of the standard PDMS fabrication process,
each module is produced using embossing and laser cutting with poly(methyl methacry-
late) thermoplastic material. The CTC capture module contains 320 parallel curved
microchannels, whose surfaces are coated with anti-EpCAM antibodies. To enhance cap-
ture efficiency, the microchannels are structured with a high aspect ratio of 30 µm width
and 150 µm height, and captured CTCs are released by trypsin treatment. Compared to
PDMS microfluidic devices, the rough surface of the microchannels can damage the cap-
tured CTCs during capture and release steps. In the impedance sensor module, two plat-
inum wires (75 µm diameter) are utilized to detect the electrical signal of CTCs released
from the preceding CTC capture module. The CTCs are then re-captured in the imaging
module and stained with fluorescent dyes. Kamande and colleagues demonstrated that
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BioFluidica can process 7.5 mL of blood within 45 minutes with high efficiency (recovery
rate >90% and purity >86%).

Piezoelectric actuators are commonly employed to control individual cells by gener-
ating a pressure pulse that creates hydrodynamic forces within microchannel structures.
The WOLF Cell Sorter (NanoCellect Biomedical) [27] constitutes a commercial device
developed using a combination of a laser detection system and a piezoelectric-activated
microfluidic device (Figure 1.5(b)). As fluorescently stained cells pass through the sensing
region in the microchannel, the laser detection system identifies the cells. Subsequently,
based on the signal detected from the movement of target cells, the piezoelectric actuator
redirects the flow of identified cells, thereby sorting the cells in three different ways. The
piezoelectric actuator exhibits a high response time of approximately 0.1 ms, enabling a
high sorting throughput exceeding 1000 cells per second. This device typically requires
an additional cell dispenser (N1 Single Cell Dispenser) to distribute the single cells sorted
by the WOLF Cell Sorter into individual wells of 96- or 384-well plates.

Figure 1.5: Selected recent research structures for CTC separation and isolation: (a)
BioFluidica microfluidic system; (b) Microfluidic device utilizing integrated PZT mem-
brane optical methods for isolating single CTCs; (c) Device employing dual wells and a
flipping method for single-cell isolation; (d) Device utilizing a single-cell capture pipette
structure.

Microstructures represent the most common approach for trapping single cells, and
microarrays can be utilized to trap multiple single cells simultaneously. Lin and colleagues
designed dual-well PDMS plates, each plate containing 450 micro-wells for trapping and
culturing single cells (Figure 1.5(c)). When cell-containing solutions are introduced into
this microfluidic structure, individual cells are retained in separate capture wells (25 µm
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diameter), and any remaining uncaptured cells are removed using a wash flow with only a
minimal percentage loss relative to the input cell population. Although the structure and
operation of the device are simple, it can only operate with homogeneous cell populations,
which necessitates careful and meticulous sample preparation.

Qin’s research group introduced a single-cell pipette structure based on a microflu-
idic device, utilizing a microhook structure in a microchannel, as illustrated in Fig-
ure 1.5(d) [30]. While homogeneous cell populations flow through the microchannel,
individual cells become trapped in individual microhooks, and the remaining cells are
subsequently removed from the microchannel. Upon flow direction reversal, trapped cells
are released from the microhooks, and thus the number of isolated single cells (1–10 cells)
is determined by the number of microhooks. The capture rate reported by Qin (96.7%)
was not affected by flow rate, which was controlled by two manual syringe plungers rather
than an automatic syringe pump system. Although this represents a simple method for
isolating single cells, it requires cell populations that are homogeneous at a certain con-
centration level (>1000 cells per µL) to maintain a high capture rate [30].

Most microfluidic-based single-cell isolation methods typically require homogenized
diluted samples or complex single-cell isolation procedures, resulting in low throughput.
To overcome these limitations, single-cell isolation procedures are often integrated with an
additional pre-enrichment method to purify target cells from heterogeneous cell popula-
tions. In this line of research, Han and colleagues proposed a two-step hybrid microfluidic
platform, comprising a magnetic micro-separation unit for enriching CTCs from whole
blood and a micro-dispensing unit for isolating individual CTCs. CTCs were first en-
riched from whole blood and diluted fivefold using a magnetic separation method em-
ploying anti-EpCAM antibody-coated magnetic nanoparticles. In the micro-dispensing
unit, enriched CTCs were identified by impedance cell measurement, and each identified
CTC was encapsulated into individual droplets and dispensed into individual wells of 96-
to 384-well microplates. Although this represents a label-dependent method using mag-
netic nanoparticles, individual CTCs can be directly isolated from fivefold diluted whole
blood without losing any other CTCs through centrifugation and washing, thus achieving
a high recovery rate of 99.78%, a purity of 92.45%, and a leukocyte depletion rate of 5.4
log. Using 200 µL of whole blood containing 50 MCF-7 breast cancer cells, the evalua-
tion demonstrated that the two-step microfluidic platform can isolate single CTCs with a
single-cell isolation efficiency of 82.4% and high throughput [31] (requiring only 700 ms).
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1.4 Cancer cell detection and counting based on impedance
signals

Following isolation of the target cancer cell population, accurate quantification of the ob-
tained cell count represents a particularly important step in evaluating separation process
effectiveness, optimizing pre-treatment conditions, and providing input for subsequent
biological analyses. Reliable cell quantification facilitates determination of recovery rates
and purity while supporting functional studies such as cell culture, gene-protein expression
analysis, and drug response testing.

Traditional methods for detecting and counting cancer cells encompass various ap-
proaches, ranging from morphological observation to optical or biochemical signal analy-
sis. One of the most common methods involves counting using a counting chamber (e.g.,
Neubauer chamber, Figure 1.6), where the sample is placed into a chamber with a stan-
dardized grid and cells are counted manually under a microscope. Although simple and
cost-effective, this method is highly dependent on operator technique, prone to errors,
challenging for counting low-density cells, and unsuitable for automation requirements.

Figure 1.6: Illustration of the traditional counting method utilizing a counting chamber.

Another category of methods employs specific fluorescent labeling with antibodies
or molecular probes, followed by counting using a fluorescence reader or flow cytome-
ter (Figure 1.7). These techniques offer high sensitivity and can distinguish multiple
cell populations simultaneously; however, they require complex sample processing proce-
dures, specialized dyes and optical systems, incur high costs, and may affect cell biological
activity. Other separation-detection techniques such as size-based sorting, microfluidic
filtration, density gradient separation, and magnetic field separation are frequently em-
ployed to enrich cancer cells prior to counting, but they do not directly provide real-time
quantitative signals.

In recent years, impedance-based cell detection and counting methods utilizing mi-
croelectrode structures (Figure 1.8) have emerged as a promising, label-free approach.
As cells traverse the sensor region, impedance changes dependent on cell size, dielectric
constant, and membrane properties generate characteristic signal pulses corresponding to
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Figure 1.7: Illustration of a flow-based cell detection and quantification device.

each cell, enabling real-time counting without dyes or optical systems.
Microelectrode technology integrated into microfluidic channels represents a significant

advancement in cell detection and counting. This method employs electrodes placed at
multiple positions along the channel to count and classify cells based on their bioelectrical
signals. One prominent application of this method involves detecting CTC cells in blood
with small sample sizes, compact equipment, low cost, and rapid sample processing time,
thereby improving sensitivity in early disease detection [32]. Recently, planar electrode
structures have been adopted by numerous research groups worldwide for measurements
of micro-particles and moving biological cells in fluid streams due to their simplicity, ease
of fabrication, and suitability for various applications of fundamental microfabrication
processes [33], [34], [35], [36], [37], [38]. These electrodes are employed to measure the
impedance of biological cells as they traverse a fluid flow. Ayliffe and colleagues (1999)
pioneered the measurement of single-cell impedance using a microdevice. They fabricated
a microchannel, 10 µm wide and 4.3 µm high, using epoxy-based photoresist on a glass
substrate, incorporating integrated gold electrodes 8 µm wide and 4 µm thick, as illus-
trated in Figure 1.9. They performed impedance measurements over a frequency range
from 100 kHz to 2 MHz on human neutrophils (PMN) and fish red blood cells (RBC)
suspended in different concentrations of phosphate buffer solution. This device demon-
strated the ability to distinguish between different cell types, illustrating the potential of
single-cell impedance analysis [38].

To date, cell impedance measurement techniques can assess numerous physiological
characteristics of cells without a microscope, including cell size [32], [39], [40], morphol-
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Figure 1.8: Illustration of a cell impedance signal measurement system based on micro-
electrodes.

Figure 1.9: Schematic of a microelectrode impedance measurement device with gold elec-
trodes integrated into a microfluidic channel [38].
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ogy [33], [34], [35], viability [41], [42], [43], deformability [44], [45], mass [37], and in-
tracellular components [36]. Individual cells emit multi-frequency AC signals, influenced
by the detection circuit, frequency, and cellular characteristics, which are subsequently
processed through a lock-in amplifier to generate an impedance data sequence. Although
raw impedance data can provide preliminary information regarding cell size and charac-
teristics, due to the nonlinearity of the detection system [46], impedance signal processing
necessitates a more complex calibration and analysis process. These processes include
simultaneously detecting cells and reference particles, comparing the impedance values of
the cells with known reference particles, and subsequently extracting electrophysiological
parameters correlated with cell characteristics. One advantage of impedance measurement
is the grouping of cells or subgroups based on distinct impedance signal characteristics.
Once calibrated, these characteristics can be statistically analyzed and utilized to com-
pare physiological properties between different cell groups [34]. For example, the dielectric
properties of cells can be employed to rapidly classify individual cells [47] or to identify
differences between cell types within the same population, such as distinguishing cancer
cells from benign cells.

Figure 1.10: (a) Schematic illustrating a particle flowing through a microelectrode
impedance chip and a typical impedance signal for a single particle. (b) Electronic com-
ponents depicting the excitation, amplification, and demodulation sections of the mixed-
frequency detection circuit.

In 2001, Gawad et al. introduced a significant advancement in single-cell impedance
technology, demonstrating clear differentiation between red blood cells and platelets [48].
The single-cell impedance analysis method employed in this study is illustrated in Fig-
ure 1.10(a). Two pairs of microelectrodes are fabricated at the bottom of a microchannel.
These electrodes are activated by voltage at a specific frequency, generating a non-uniform
electric field inside the channel. One pair detects the current fluctuations caused by a cell,
while the other pair measures the current flowing through the pure medium, serving as a
reference. Microelectrodes similar in size to a cell (ranging from 10 to 30 µm) are employed
to detect impedance signals from single cells. The current from the two sensor blocks is
converted into a voltage signal via a transimpedance amplifier. Subsequently, a differen-
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tial amplifier calculates the difference between these signals. A lock-in amplifier is utilized
to demodulate in-phase and out-of-phase impedance signals at the excitation frequency
while filtering noise at other frequencies (Figure 1.10(b)). The impedance variation, mea-
sured differentially, is represented as a pair of peaks. This differential impedance sensing
method offers several advantages, as highlighted by Gawad et al.: (i) direct measurement
of cell properties relative to the buffer environment, (ii) elimination of any uneven drift
in electrode properties, and (iii) determination of cell velocity based on the transit time
between peaks [32].

In summary, the method of detecting and quantifying cancer cells based on impedance
signals offers numerous advantages, including simple equipment, straightforward integra-
tion into microfluidic systems, low sample consumption, rapid analysis speed, and reduced
operating costs. The development of sophisticated microelectrode structures such as three-
dimensional or multi-electrode configurations, along with multi-frequency measurement,
continues to enhance sensitivity and resolution, establishing impedance-based counting
as a significant trend in label-free cancer cell quantification and next-generation mobile
testing systems.

1.5 System Proposal

From the preceding analysis, it is evident that research, design, fabrication, measurement,
and testing of microfluidic systems continue to face numerous challenges. Currently, Lab-
on-a-Chip (LoC) systems primarily focus on individual functions such as detection or cell
separation but lack comprehensive integrated studies encompassing detection, separation,
and cell isolation within a single system. This represents a significant limitation, partic-
ularly as the demand for mobile, automated, and practical biomedical devices continues
to increase. An urgent need in modern cancer diagnosis and treatment is early detection
and non-invasive monitoring through liquid biopsy, wherein the analysis of circulating
tumor cells (CTCs) plays a crucial role. However, CTCs exist at extremely low densities
in peripheral blood (approximately 1–10 cells per mL of blood), necessitating methods
with very high sensitivity and specificity. Traditional analysis procedures often involve
multiple manual steps, are time-consuming, require bulky equipment, and are prone to
errors. Therefore, developing a Lab-on-a-Chip system that integrates the entire process
from raw blood sample processing to analysis and isolation of individual cells on a single
platform represents an important objective with the potential to revolutionize the field of
cancer diagnosis.

This thesis proposes a Lab-on-a-Chip system utilizing an integrated microfluidic chip
platform with an automated magnetic separation system, combined with a quantitative
sensor for detecting and analyzing cancer cells in a flow. The multifunctional integrated
Lab-on-a-Chip system proposed in this study offers significant advantages over existing
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single-function systems. By combining multiple functional modules on a single chip, the
system minimizes human intervention, thereby limiting errors and the risk of sample
cross-contamination. Furthermore, full automation of the process significantly shortens
analysis time, increases sample throughput, and improves the reproducibility of results.
Most importantly, the integration enables continuous analysis of cells immediately after
sorting, preserving cell integrity and viability—a critical factor for downstream analyses
such as cell culture or gene sequencing. The proposed system integrates the following key
functions: (1) CTC separation and enrichment based on specific magnetic methods; (2)
Separation of cell clusters into single cells using inertial force; (3) Encapsulation of single
cells into oil-in-water microdroplets; (4) Detection and quantification of single cancer cells;
and (5) Sorting and collection of microdroplets containing target cells.

Figure 1.11: Schematic illustration of the integrated Lab-on-a-Chip platform for single-
cell analysis, detailing the sequential operational stages: (a) Upstream magnetic trapping
zone for selective enrichment of magnetically labeled CTCs. (b) Inertial microfluidic
channel for cell ordering and spacing. (c) Cell encapsulation unit generating water-in-
oil microdroplets at a T-junction. (d) Integrated electrode region for impedance-based
detection of droplet contents. (e) Active microdroplet manipulation and sorting section.
(f) Downstream sorting junction directing droplets into collection or waste outlets based
on sensor feedback.

To maximize the potential of the proposed multifunctional LoC, constructing a com-
plete peripheral device system capable of integrating, synchronizing, and automating pro-
cesses is essential. Although microfluidic chips with core functions such as magnetic
separation, cell encapsulation, and sorting play a central role, operational efficiency in
real-world applications, particularly in point-of-care (POC) systems, depends on a sup-
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porting ecosystem comprising specialized modules: flow control, signal acquisition and
processing, optical observation, and user interface. The proposed device system aims
to comprehensively address these challenges, establishing a closed-loop automated cell
analysis platform capable of processing samples from input to final quantitative results.
The design emphasizes compactness, simple operation, and automation of complex chip
operations, thereby shortening analysis time and improving reliability.

As illustrated in Figure 1.11, the device operates through a comprehensive sequential
workflow comprising six strategic stages to optimize sensitivity and specificity: (a) an up-
stream magnetic trapping zone utilizing a cavity-integrated microchannel for the selective
enrichment of lung cancer cells magnetically labeled via aptamer binding; (b) an inertial
microfluidic channel featuring a serpentine design to facilitate cell ordering and spacing
prior to downstream processing; (c) a cell encapsulation unit that generates water-in-oil
microdroplets at a T-junction, isolating single cells for discrete analysis; (d) an integrated
electrode region performing real-time impedance-based detection of droplet contents; (e)
an active microdroplet manipulation and guidance section; and finally, (f) a downstream
sorting junction that directs droplets into collection or waste outlets based on sensor feed-
back. This architecture enables continuous operation, minimizing human intervention and
operational errors while enhancing the reliability of the analysis. Detailed descriptions
of the scientific basis, experimental methodology, and achieved research results of the
proposed system are presented in the subsequent chapters:

Chapter 2 – Theoretical Basis and Simulation presents the scientific foundation
underlying the entire study, including theories on microchip system design, the mech-
anism of interaction between aptamers and magnetic particles in cancer cell detection,
the principle of magnetic separation, the theoretical basis of impedance sensors, and the
design of microelectrode structures. Additionally, this chapter discusses the theoretical
basis of the droplet encapsulation and separation method utilizing DEP, along with sim-
ulation modeling for each functional structure in the system, including simulation of the
magnetic separation system, impedance sensor, and droplet control area.

Chapter 3 – Experimental Setup focuses on the process of circuit design and mi-
crofluidic chip fabrication, from the material preparation stage, electrode and microfluidic
channel fabrication processes, to the setup of experiments corresponding to each function
of the system such as magnetic separation, impedance counting, droplet encapsulation,
and separation. Additionally, this chapter introduces signal acquisition and processing
methods, as well as cell quantification and classification techniques based on machine
learning and computer vision to enhance accuracy in cell counting and analysis.

Chapter 4 – Results and Discussion summarizes and analyzes the results obtained
from the manufacturing, simulation, and experimental processes. The content includes
the results of manufacturing the measurement system and microfluidic chip, evaluating
the performance of the impedance sensor simulation, as well as the results of magnetic
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separation, impedance counting, encapsulation, and droplet separation. Additionally,
this chapter presents the application of machine learning models in signal processing and
analysis to automate the cell recognition and counting process, thereby confirming the
feasibility, effectiveness, and application potential of the proposed system.

1.6 Conclusion

This chapter has provided a comprehensive overview of the current landscape of cancer re-
search, with a specific focus on the critical role of Circulating Tumor Cells (CTCs) as key
drivers of lung cancer metastasis. While CTCs hold immense potential as biomarkers for
early diagnosis, prognosis, and treatment monitoring, their extreme rarity and heterogene-
ity in peripheral blood present significant challenges for effective isolation and analysis.
Evaluating existing technologies reveals that although methods such as immunomagnetic
separation and microfluidic-based approaches have made strides, many still suffer from
limitations including complex sample preparation, low throughput, or insufficient purity
for downstream molecular analysis. Addressing these gaps requires a transition towards
more integrated and automated systems. The proposed Lab-on-a-Chip platform aims
to bridge this engineering-clinical divide by combining magnetic enrichment, inertial fo-
cusing, and droplet-based single-cell analysis into a unified, automated workflow. This
integrated approach promises to enhance the sensitivity and specificity of CTC detection,
potentially facilitating more accessible and precise non-invasive liquid biopsy applications
in clinical oncology.



Chapter 2

THEORETICAL BASIS AND
SIMULATION

2.1 Theoretical basis and system design

2.1.1 Mechanism of aptamer-magnetic particle binding in can-
cer cell detection

The core of the separation method is the magnetic principle, in which nano-magnetic
particles are surface-functionalized and subsequently attached to the A549 cancer cell
membrane. This attachment process is achieved through a highly specific biochemical
interaction between the aptamer and the biomarkers expressed on the A549 cell surface.
The selection of aptamers instead of traditional antibodies offers numerous advantages in
terms of stability, cost, and synthesizability [49], [50]. The SELEX (Systematic Evolution
of Ligands by Exponential Enrichment) method, independently developed by Tuerk and
Gold [51] and Ellington and Szostak [52], has revolutionized the generation of aptamers
with high specificity. The surface functionalization of magnetic particles plays a crucial
role in ensuring specific and effective binding between magnetic particles and target cells.
In this study, Fe3O4 magnetic particles were functionalized by covalently linking them to
the EpCAM-specific aptamer, a synthetic oligonucleotide capable of specifically recogniz-
ing the EpCAM antigen on the surface of A549 lung cancer cells [53]. The specific process
involved a series of chemical reactions and processing steps to optimize aptamer binding
to the magnetic particle surface.

Initially, the carboxyl groups (-COOH) on the surface of the magnetic particles were
activated using a pair of reactants: EDC (1-ethyl-3-(3-dimethylaminopropyl) carbodi-
imide) and NHS (N-hydroxysuccinimide). This reaction produces active esters capable
of strongly interacting with the amino (-NH2) groups of the aptamer. In this reaction
system, EDC acts as a catalyst to form a direct covalent bond between the carboxyl group

20
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on the magnetic particle and the amino group of the aptamer, while NHS stabilizes the
intermediate ester bond, thereby enhancing reaction efficiency and preventing unwanted
hydrolysis.

Following the activation of carboxyl groups with EDC/NHS, the EpCAM-specific ap-
tamer with the structure 3’–ACGC TCGG ATGC CACT ACAG GGTT GCAT GCCG
TGGG GAGG GGGG TGGG TTTT ATAG CGTA CTCA GCTC ATGG ACGT GCTG
GTGA C–5’-NH2 is added. This aptamer is modified at the 5’ end with an amino group
to facilitate covalent linkage with the active ester on the particle surface. This specific
aptamer recognizes and selectively binds to EpCAM cell membrane proteins, which are
transmembrane receptors comprising extracellular domains for ligand binding, transmem-
brane domains, and intracellular domains capable of signaling within the cell (Figure 2.1).

Figure 2.1: The adhesion of MB to the membrane proteins of the A549 target cells is
mediated by the NH2 aptamer.

The buffer solution utilized in the aptamer binding process comprises PBS (phosphate-
buffered saline) to maintain stable pH and reaction conditions, BSA (bovine serum al-
bumin) to block non-specific binding sites on the particle surface, MgCl2 to stabilize the
spatial structure of the aptamer under suitable ionization conditions, and yeast tRNA as
an auxiliary blocking agent to prevent the aptamer from binding to unwanted surfaces.
Specifically, the magnetic particles were treated by stirring them in an EDC/NHS mixture
in MES buffer (2-(N-morpholino) ethanesulfonic acid, pH 6.0) for 30 minutes to ensure
effective activation. Following this activation step, the EpCAM aptamer is added to the
solution at an appropriate concentration (10 µM) and allowed to react at room tempera-
ture for 90 minutes. The immediate addition of aptamer minimizes the hydrolysis of the
intermediate ester, thereby enhancing the efficiency of aptamer binding to the magnetic
particle surface.

After incubation, the aptamer-bound magnetic particles are washed multiple times
with PBS solution using a magnetic rack to remove excess unbound aptamer and reaction
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byproducts. Following washing, the functionalized magnetic particles were prepared for
binding to target cells. To proceed with subsequent experimental tests, a defined quantity
of A549 lung cancer cells was mixed with the functionalized magnetic particles for 30
minutes, allowing the magnetic particles to bind specifically and efficiently to the cell
surface via the attached aptamers. Experiments were conducted with superparamagnetic
beads of different diameters, at a particle concentration of 8.15 mg-Fe/mL and an aptamer
binding density of 0.2 mM. These magnetic particles were supplied by Bio-Cando Inc.
(Taoyuan, Taiwan). The functionalization process was uniformly applied to all bead sizes
to compare and evaluate the effect of bead size on target cell capture efficiency. To assess
the specificity of the functionalization process and magnetic bead binding to lung cancer
cells, the research group performed separation of a mixture of lung cancer cells and HeLa
cells [54].

2.1.2 Theoretical basis of magnetic separation and cavity-integrated
microchannel design

After completing the magnetic labeling step, the cell suspension is introduced into the
proposed LoC platform through the inlet and first guided to the magnetic separation
module. In this initial stage, the magnetically labeled target cells are subjected to a
strong non-uniform magnetic field generated by an external permanent magnet. The
proposed design is a microfluidic chip system termed a cavity-integrated microchannel [55].
The integration of magnetism with microfluidics has opened new possibilities for precise
manipulation of biological samples [56]. The primary function of this structure is to
selectively separate and capture magnetic particle-labeled CTCs from a mixed sample,
such as whole blood. Structurally, the chip consists of a channel fabricated from PDMS
material bonded onto a transparent glass substrate, with an inlet for sample introduction
and an outlet for solution recovery.

The main channel of the chip is designed in a serpentine configuration. This structure
generates centrifugal forces at the bends, pushing cells toward the outer walls of the chan-
nel where the trap chambers are located. The main channel has a width of 100 µm and
a total height of approximately 100 µm. The trap chambers are rectangular extensions
designed to optimize cell retention. Each chamber measures 340 µm in length and 100 µm
in width. They are positioned along the outer wall of the curved segments in the serpen-
tine channel, facing the magnet. To generate the necessary magnetic field, a permanent
Nd2Fe14B (N35) magnet measuring 20 mm (length) × 5 mm (width) × 5 mm (thickness)
is employed. This magnet is placed at a distance of 1.5 mm to 3.0 mm from the chambers
to ensure a sufficiently strong magnetic field gradient for cell trapping (Figure 2.2).

After the magnetic labeling process is complete, the mixed sample containing normal
cells and A549 cells labeled with magnetic particles is pumped into a microfluidic chip.
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This chip is designed and manufactured with optimized geometric structures, including
channels and specialized trap regions. By integrating an external permanent magnet
system, a high-intensity, non-uniform magnetic gradient field is generated within the trap
regions inside the microfluidic channel. Under the influence of the magnetic force, the
magnetically labeled A549 cells are deflected from the main flow and are attracted and
retained in these trap regions. Meanwhile, normal cells unaffected by the magnetic field
continue to move with the fluid flow and are subsequently discharged. This process enables
the efficient and selective separation and enrichment of rare cancer cells.

Figure 2.2: The proposed microfluidic system for CTC isolation in cavities. A. Schematic
of the microfluidic device consisting of a channel pad placed on a glass substrate. The
channel dimensions are 100 µm in width for the main channel, while the cavities (cell
retention regions) extend to a length of 340 µm and a width of 100 µm.

In studies on cell separation employing magnetic techniques integrated with microflu-
idic chips, the selection of suitable magnetic beads is a key factor that significantly de-
termines the recovery efficiency, purity, and biological stability of the system [57], [58].
Magnetic beads commonly utilized in this field are typically based on a ferromagnetic iron
oxide core Fe3O4 (magnetite), with nano or micro sizes, coated with functional polymer
layers such as streptavidin/avidin, silica, or polystyrene to enhance their binding capac-
ity with biological recognition agents such as aptamers or specific antibodies. Currently,
these types of particles have been widely commercialized by reputable suppliers such as
TANBead, Dynabeads, and MagSi, ensuring uniformity in size and quality. Microchip-
based immunomagnetic detection of circulating tumor cells has been demonstrated with
high efficiency [59].

In this study, superparamagnetic magnetic beads were selected to systematically in-
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vestigate the effect of particle size on the efficiency of capturing A549 cancer cells in
different microfluidic configurations. The beads utilized possess an Fe3O4 magnetic core
with a biocompatible polymer coating, enabling them to stably bind to specific biologi-
cal recognition molecules. Different particle sizes were selected to serve specific purposes
in the study. Smaller magnetic particles allow for easier movement and penetration of
narrow structures in microchannels, increasing contact area and coverage on the cell sur-
face, particularly in complex microfluidic channel designs. Conversely, larger magnetic
particles provide stronger magnetic forces, improving cell displacement and capture un-
der high magnetic field gradients. However, the utilization of larger particles also poses
certain challenges, such as reduced biological contact area on the cell surface or the risk
of microfluidic channel clogging if the design is not properly optimized.

All magnetic particles selected in this study possess superparamagnetic properties,
meaning they exhibit magnetism only when exposed to an external magnetic field and
lose all magnetism when the field is removed. This characteristic prevents particle ag-
glomeration, ensures uniform and stable dispersion in the buffer solution, and minimizes
adverse effects on living cells, which are highly sensitive to environmental conditions.
Additionally, these magnetic particles fully satisfy the criteria for biocompatibility, are
non-cytotoxic, and remain stable in common buffer solutions such as PBS, rendering them
highly suitable for biological analysis applications and integration into Lab-on-a-Chip sys-
tems.

Figure 2.3: Schematic of force interactions on magnetic particles during magnetic migra-
tion.

Magnetic separation techniques in microchannels are based on controlling the tra-
jectory of cells/microparticles containing magnetic beads (MB) under the simultaneous
action of an electric field and a magnetic field. This motion follows Newton’s Second Law,
described by the equation:

m
dup

dt
= Fm + Fd + Fg + Fb + FL (2.1)
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where m is the particle mass, up is the particle velocity, and Fm, Fd, Fg, Fb, and FL

represent the magnetic force, hydrodynamic drag force, gravitational force, buoyant force,
and lift force, respectively (Figure 2.3). At the micro/nano scale and low flow velocity
(Reynolds ≪ 1), the inertial component on the left-hand side is negligible; thus, the
particle’s state is primarily determined by the balance between magnetic force and drag
force.

The magnetic force Fm acting on a superparamagnetic particle of radius R in a mag-
netic field gradient ∇B is calculated as:

Fm = Vp(χp − χf )
µ0

(B · ∇)B (2.2)

where Vp = (4/3)πR3 is the particle volume, χp and χf are the relative magnetic per-
meability of the particle and the medium, respectively, and µ0 is the vacuum magnetic
permeability. This formula demonstrates that the magnetic force is proportional to the
cube of the particle size and the linear gradient of the magnetic field; therefore, to control
micrometer-sized particles at a flow velocity of millimeters per second, both an appro-
priate MB design and a sufficiently large magnetic gradient configuration are required
(|∇B| ≈ 104–106 T/m).

Meanwhile, the hydrodynamic drag force Fd = 6πµfR(uf − up) follows Stokes’ law,
where up and uf are the particle and fluid velocities, respectively. Since Fd increases lin-
early with particle size, larger particles, while experiencing stronger magnetic forces, also
encounter greater drag forces, necessitating simultaneous optimization of both quantities
in the design.

The two vertical force components—gravitational force Fg = ρpVpg and buoyancy
force Fb = −ρfVpg—typically account for only a few percent of Fm in buffer solutions
(ρf ≈ 1000 kg m−3) and MB polymer coated with Fe3O4 (ρp ≈ 1200–1500 kg m−3). The
lifting force FL [60], arising from shear gradients, is considerably smaller in magnitude
than the magnetic force but can assist in redistributing particles away from the channel
wall.

To quantify the relative advantage between magnetic force and drag force, the dimen-
sionless coefficient M is defined:

M = |Fm|
|Fd|

= (χp − χf )R2

9µ0µf

· (B · ∇)B
uf

(2.3)

When M ≪ 1, particles are completely entrained by the flow; when M ≳ 1, the
deflection trajectory is sufficiently large for particles to collide with the collection surface
or exit the main flow. The response time τ = m/(6πµfR) is in the sub-millisecond range,
confirming that neglecting inertia is feasible in most microfluidic configurations.

Several important design implications can be derived from the above analysis. First,
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the choice of MB size requires a trade-off: particles ≥ 4 µm generate strong magnetic
forces but reduce antibody coverage area, while particles of 0.5–1 µm provide a large
conjugate surface but require a higher magnetic gradient. Second, magnets or microelec-
trodes must be positioned so that the magnetic gradient is horizontal, reducing interaction
with gravity, while achieving |∇B| on the order of 105 T m−1 in the 50–100 µm region
near the channel wall. Third, a flow velocity in the range of 0.5–2 mm s−1 (Re ≈ 0.01)
ensures laminar flow and enables achieving M ≈ 1 with an MB diameter of 2 µm under
a 0.5 T field. Finally, the channel geometry design can exploit the Saffman lift force [61]
to converge the CTC flow before magnetic pressure, thereby enhancing purity.

The device’s operating principle relies on the interaction and imbalance between two
primary forces: magnetic force and hydrodynamic drag. When the cell mixture, compris-
ing target cells (magnetically labeled) and non-target cells, is pumped into the channel, an
external permanent magnet generates a strong magnetic field gradient. The cell-magnetic
particle complexes are subjected to the magnetic force (Fm), pulling them toward the
region with the strongest magnetic field, i.e., toward the magnet. Simultaneously, all cells
in the flow are affected by the hydrodynamic drag force (Fd), which tends to carry them
away with the fluid flow out of the channel. Although other forces such as gravitational
force (Fg), Brownian force (Fb), and hydrodynamic lift force (FL) also act on the cells,
their effects are negligible compared to the two dominant forces: magnetic force and drag
force.

The separation occurs efficiently due to the channel’s specialized design, with trap
chambers positioned near the magnet. In these areas, the geometric structure causes the
flow velocity to decrease to very low levels, approaching zero. This significantly reduces the
drag force (Fd) acting on the cells. As a result, the magnetic force (Fm) dominates, readily
pulling and trapping the cell-magnetic particle complexes into the chambers. Conversely,
non-target cells, unaffected by the magnetic field, continue to be carried by the main
flow’s drag force through the chambers and out through the outlet. Thus, the microfluidic
design configuration simultaneously utilizes the hydrodynamic properties of the serpentine
channel and the trapping effect of the microstructural chambers. This combination enables
effective control of the forces acting on the cells, achieving high capture efficiency and
selectivity for target cells.

2.1.3 Theoretical basis of inertial microfluidics and spiral chan-
nel design

To ensure the efficiency of downstream impedance-based cell counting and cell encap-
sulation in microdroplets, cell ordering (arranging cells into a single file) and uniform
longitudinal spacing are prerequisite requirements. Inertial microfluidics exploits fluid
inertia at intermediate Reynolds numbers to achieve size-based particle focusing and sep-
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aration without external forces [62]. In this study, the utilization of a continuous spiral
inertial microfluidic structure is proposed to leverage hydrodynamic forces for the effective
focusing and spacing of the cell stream. The fundamental principles of inertial focusing
have been comprehensively reviewed [63], and spiral microchannels utilizing Dean flow
effects have demonstrated effective continuous particle separation [64], [65].

Based on the design presented in Figure 2.4, the inertial channel structure is positioned
at the intermediate stage of the LoC chip, immediately following the magnetic separation
unit and preceding the impedance sensor. The channel features a serpentine configuration
but is optimized as a chain of interconnected spiral structures (continuous spiral structure)
to optimize the channel length within a compact footprint while enhancing the secondary
Dean flow effect.

Figure 2.4: Proposed continuous spiral structure with progressively decreasing dimensions.

The structure consists of a series of spiral loops with progressively decreasing dimen-
sions along the flow direction to gradually increase the fluid velocity and the forces acting
on the cells. Specifically, the design comprises three main sections: a large structure lo-
cated at the inlet to stabilize the initial flow and initiate the separation of cell clusters;
a middle structure with reduced spiral loop sizes to increase the magnitude of the Dean
number, thereby promoting the migration of cells toward equilibrium positions; and a
small structure at the final section before the sensing region, where inertial forces reach
their maximum to ensure precise cell focusing at the channel center and establish stable
longitudinal spacing.
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The migration of particles or cells within a microfluidic channel is governed by hydro-
dynamic forces arising from the inertia of the fluid. Two primary physical phenomena
govern this process: (1) lateral migration due to inertial lift forces (inertial migration)
and (2) secondary Dean flow in curvilinear channels.

Reynolds Number and Inertial Lift Force (FL) In a straight channel, particle mi-
gration is characterized by the particle Reynolds number (Rep) and the channel Reynolds
number (Rec):

Rec = ρUmaxDh

µ
(2.4)

Where:

• ρ: Fluid density (kg/m3).

• Umax: Maximum fluid velocity (m/s).

• Dh: Hydraulic diameter of the channel (m); for a rectangular channel, Dh = 2wh
w+h

.

• µ: Dynamic viscosity of the fluid (Pa · s).

When Rec is in the intermediate range (typically 1 to 100), inertial forces become
significant. Cells experience two opposing lift force components:

1. Wall-induced lift force (FLW ): Repels the cell away from the channel wall due
to the hydrodynamic interaction between the particle and the wall.

2. Shear-gradient lift force (FLS): Pushes the cell toward the channel wall due to
the curvature of the parabolic velocity profile.

The net inertial lift force (FL) acting on a spherical cell of diameter a is expressed as:

FL = CLρG2a4 (2.5)

Or expressed in terms of flow velocity:

FL = fL(Rec, xc)
ρU2

maxa4

D2
h

(2.6)

Where CL and fL are dimensionless lift coefficients, dependent on the particle position
(xc) and the Reynolds number; a is the cell diameter. This force FL tends to drive cells
to stable equilibrium positions located between the channel center and the walls.
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Dean Flow and Dean Drag Force (FD) in Curvilinear Channels For serpentine
or spiral channel structures as proposed, the continuous change in flow direction generates
centrifugal forces, leading to the formation of two counter-rotating vortices perpendicu-
lar to the main flow, known as Dean vortices. The intensity of this secondary flow is
characterized by the Dean number (De):

De = Rec

√
Dh

2R
(2.7)

Where R is the radius of curvature of the channel. In the proposed design, the radius
R decreases from the Large Structure to the Small Structure, causing the Dean number to
increase along the channel length, thereby enhancing mixing and particle focusing effects.

Cells entrained in the Dean flow experience a lateral Stokes drag force, referred to as
the Dean drag force (FD):

FD = 3πµUDeana (2.8)

The Dean velocity (UDean) typically scales with the Dean number according to the
empirical relationship UDean ∼ 1.8×10−4De1.63. Consequently, the Dean drag force scales
as:

FD ∝ ρU2
maxaD2

h

R
(2.9)

Mechanism of Cell Ordering and Spacing Cell focusing is achieved through the
balance between the inertial lift force (FL) and the Dean drag force (FD). The ratio of
these two forces determines the final equilibrium position of the cells:

Rf = FL

FD

∼ a3R

D3
h

(2.10)

• If Rf → 0 (small particles or small R): Dean drag dominates, causing cells to be
entrained in Dean vortices and mixed.

• If Rf is sufficiently large (large cells such as CTCs): Inertial lift forces maintain the
cells at stable equilibrium positions, while Dean drag pushes them toward a single
position on the cross-section, resulting in single-stream ordering.

Simultaneously, longitudinal spacing is established due to differential migration veloc-
ities. Once cells enter the equilibrium streamline, hydrodynamic repulsion between cells,
combined with the velocity profile of the flow, prevents cell clustering (clumping) and
maintains a uniform distance between them. This ensures that when passing through the
downstream impedance sensor, signals do not overlap, thereby enhancing measurement
accuracy.
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The spiral design with a decreasing radius of curvature R in this system allows for the
fine-tuning of the Rf ratio along the flow path, ensuring that even cells with varying sizes
are effectively focused before entering the counting and droplet encapsulation modules.

2.1.4 Theoretical Basis for cell encapsulation in droplets

Cell encapsulation in microdroplets is a widely used technique in microfluidics, enabling
high-throughput single-cell analysis and manipulation. This method involves generating
uniform microdroplets that can encapsulate individual cells or small groups of cells, pro-
viding isolated microenvironments for various biological assays Chin2011. The droplet
generation process typically occurs in microfluidic channels designed to create controlled
shear forces that fragment a continuous phase into discrete droplets containing the dis-
persed phase (cells suspended in a suitable medium) [66].

In this study, after completing the cell ordering process in the spiral microchannel,
the cells are directed to the droplet encapsulation module to perform encapsulation into
microdroplets. This process is carried out in a T-junction microfluidic channel, where the
continuous phase (oil) and the dispersed phase (cell-containing suspension) meet at the
junction to generate uniform droplets containing cells.

In a T-junction geometry, the dispersed phase (typically an aqueous, cell-containing
suspension) flows through the side branch and intersects the continuous phase (typically
oil) at the T intersection. Under the combined action of shear stresses and the pressure
buildup imposed by the continuous phase, a droplet “neck” forms and progressively thins
until pinch-off occurs, yielding water-in-oil droplets. This mechanism is governed by the
competition between (i) viscous/shear stresses, (ii) interfacial tension at the interface, and
(iii) inertial effects (Figure 2.5).

In microfluidic droplet generators, the breakup regime is commonly classified using
the following dimensionless numbers:

• Reynolds number (inertia-to-viscous ratio):

Re = ρUDh

µ
(2.11)

where ρ is the fluid density, U is a characteristic velocity, Dh is the hydraulic diam-
eter, and µ is the dynamic viscosity. In most droplet microfluidic systems, Re ≪ 1
(or at most moderately low), hence inertia is typically not dominant.

• Capillary number (viscous-to-interfacial tension ratio):

Ca = µcUc

γ
(2.12)
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Figure 2.5: Illustration of droplet formation in a T-junction microfluidic channel, showing
the necking and pinch-off process driven by shear stress and interfacial tension.

where µc and Uc are the viscosity and characteristic velocity of the continuous phase,
and γ is the interfacial tension between the two phases. Ca is often the key param-
eter determining the T-junction droplet generation regime: for small Ca, interfacial
tension dominates and droplets form in the “squeezing” regime; as Ca increases, the
regime transitions toward “dripping” and may ultimately reach “jetting”.

• Viscosity ratio:
λ = µd

µc

(2.13)

where µd is the dispersed-phase viscosity. The viscosity ratio affects the neck-
thinning dynamics and droplet size.

• Weber number (inertia-to-interfacial tension ratio):

We = ρU2Dh

γ
(2.14)

In microfluidic droplet generation, We is usually very small, so the dynamics are
mainly governed by viscosity and interfacial tension.

Near the junction, droplet formation occurs when the shear stress and pressure increase
imposed by the continuous phase become large enough to overcome the restoring effect of
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interfacial tension. In an order-of-magnitude sense, the shear stress can be written as:

τ ∼ µcγ̇ (2.15)

where γ̇ is a characteristic shear rate near the interface. The effect of interfacial tension
is commonly represented by the Laplace pressure:

∆pγ = γ
( 1

R1
+ 1

R2

)
(2.16)

where R1 and R2 are the principal radii of curvature of the interface. Pinch-off occurs when
the hydrodynamically induced pressure and deformation drive the neck radius toward a
critical thinness such that the balance with ∆pγ can no longer be maintained.

In the “squeezing” regime (often observed for Ca ≲ 10−2), droplet size depends
strongly on the flow-rate ratio of the dispersed to continuous phase. A widely used
empirical scaling for T-junction/flow-focusing geometries is:

L

w
= 1 + α

Qd

Qc

(2.17)

where L is the droplet length (along the main channel), w is the main-channel width,
Qd is the dispersed-phase flow rate, Qc is the continuous-phase flow rate, and α is a
geometry-dependent constant (typically O(1)). This relation indicates that increasing
Qd/Qc increases the droplet volume, whereas increasing Qc (at fixed Qd) reduces droplet
size and increases the droplet generation frequency.

The droplet generation frequency f can be estimated from dispersed-phase flow con-
servation:

f ≈ Qd

Vdrop
(2.18)

where Vdrop is the droplet volume, which can be approximated from the droplet dimensions
and channel cross-section.

The fundamental mechanism of droplet formation in T-junction microchannels has
been systematically characterized [67]. Strategies to overcome Poisson statistics limita-
tions in single-cell encapsulation have been developed [68]. The principle of cell encap-
sulation in droplets in microfluidics is based on the creation of microdroplets containing
cells, formed when the dispersed phase (containing cells) is fragmented by the flow of
the continuous phase in microfluidic channels [66]. Differences in velocity, pressure, and
shear force at the intersection of the flows lead to the separation of the dispersed phase
into droplets of uniform size. Each droplet acts as an isolated "micro-reactor," capable
of encapsulating one or a few cells in a sealed microfluidic environment, preventing mix-
ing between units and ensuring independence in analysis [69]. This mechanism allows
precise control of the number of cells in each droplet, facilitating single-cell level studies,
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applications in cell culture, functional screening, and high-speed biological analysis.
In this study, the T-shaped channel structure was selected for its suitability for the

goal of creating uniform droplets. The T-shaped flow-focusing channel has a fast and
stable droplet formation rate, producing droplets of uniform size, ideal for the droplet
encapsulation process. The channel dimensions were optimized to match the ratio of
CTC cell diameter to droplet width, ensuring efficient cell detection and counting. With
droplet-to-particle size ratios that are too small, droplet detection becomes more difficult;
similarly, if the channel size is too small, it poses challenges in the machining process
and droplet formation within the channel. The main channel is designed with a width
of 300 µm, a continuous phase channel of 100 µm, and a dispersion phase channel of
100 µm. The detailed design and actual dimensions of the cell packaging system are
illustrated in Figure 2.6, which depicts the T-junction configuration where the dispersed
phase intersects with the continuous phase to generate droplets.

Figure 2.6: Detailed design of the cell packaging system in microdroplets.

2.1.5 Theoretical basis of impedance sensors and microelectrode
structure design

Before presenting the sensor design, this report outlines several theories that can be used
to design a microfluidic sensor based on capacitive principles. The Coulter principle,
first introduced in 1956 [70], forms the basis for modern impedance-based cell counting.
In general, there are many methods for fabricating a microfluidic sensor; however, due
to the relatively complex fabrication methods, this report uses a simpler measurement
method, based on changes in the electrical properties of the electrical and mechanical
structures, and calculates the resulting data. These theories will be developed in an ideal
environment, assuming no external influences. The theory of flat capacitors is outlined
in the next section of the report. An important advantage of microfluidic devices is their
ability to significantly reduce the volume of liquid required for chemical and biomolecular
diagnostics. They allow liquid manipulation on the external surface of a semiconductor
substrate or silicon substrate, providing a particularly flexible approach to liquid handling
in the nanoliter range.
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Capacitive sensors are often a good choice for detecting objects because of their non-
invasive detection method, high sensitivity, and suitability for conductive or insulating liq-
uids [71]. High-speed microfluidic impedance cytometry has been successfully applied for
label-free leukocyte differentiation [72], and multi-frequency impedance analysis enables
the extraction of detailed cellular properties beyond simple sizing [73]. High-frequency
impedance measurements can reveal subcellular morphological features [74]. These ad-
vantages have been exploited to measure liquid volume, mass loss due to evaporation,
micro-dimensions, liquid fill levels, different multi-layer materials, contact angles and
droplet velocity in electric propulsion engines, and surface tension and chemical composi-
tion of small liquid volumes. Most of these sensors require an external impedance analyzer,
making it difficult to integrate directly into a small microfluidic device. Flat electrode
arrays can provide a more compact design that is geometrically optimized. Developed by
Coney, further studies have shown that the use of integrated electrode arrays can signifi-
cantly increase the capacitive signal, which is important when testing and analyzing the
composition of a small liquid volume or diluted concentration. The implementation of in-
terconnected arrays comprising metal electrodes with uniform width has been explored by
several research groups. These configurations are best suited for homogeneous dielectric
environments (Figure 2.7).

Figure 2.7: Structure and equivalent circuit of the device fabricated based on planar
electrodes used for impedance measurements with gold electrodes.

The focus of the work is the design and development of capacitive sensors that can be
directly integrated with current liquid-based technology platforms. The selected design
allows the electrode arrays to be used as resistive heating devices to activate thermometers
or as capacitive sensors for liquid detection and analysis. The electrode array must be
designed to maximize the capacitive signal when handling liquid structures with uneven
heights, such as small droplets or gaps. Analysis of the electric field distribution corre-
sponding to a pair of parallel electrodes, the electrode terminals are used to illustrate
the importance of penetration depth and effective electrode width in designing a suitable
sensor layout for use with small, non-uniformly thick liquid volumes. The proposed design
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demonstrates a trade-off between high signal-to-noise ratio and high spatial resolution.
In this study, electrical conductivity is obtained through numerical calculations, and

this conductivity value is used to determine impedance. Electrical conductivity is defined
as:

Y = 1
Z

(2.19)

where Y represents the input conductance (S) and Z represents the impedance (Ω).
Resistance measures the degree of opposition of a circuit to a steady current. On

the other hand, electrical impedance includes both resistive and dynamic factors, often
referred to as electrical reactance. Similarly, electrical conductivity not only evaluates
the degree of transmission of a steady current but also considers dynamic characteristics
related to the material’s sensitivity to polarization:

Y ≡ G + jB (2.20)

Here, G is the electrical conductivity (S)—measuring the circuit’s ability to conduct elec-
tricity, B is the susceptance (S)—reflecting the circuit’s ability to store electric or magnetic
field energy, and j is the imaginary unit where j2 = −1.

The basic resistance is influenced by both the conductivity of the solution and the po-
sition of the object in the channel. The relationship between conductivity and impedance
can be expressed as follows:

Z = R + jX = Y −1 = 1
G + jB

= G − jB

G2 + B2 (2.21)

where R is the resistance, and X is the reactance of the circuit.
Figure 2.8 shows the internal structure of a flat capacitive sensor, illustrating how the

electric field is formed between the positive and negative electrodes. Gold (Au) is widely
used as sensor electrodes for biomedical applications due to its biocompatibility. Gold
is also a much better conductor than aluminum, copper, or even silver. This has been
established, and the conductive surface of gold may be ideal for many biosensing applica-
tions, including monitoring bacterial growth, detecting viruses, and detecting DNA. Gold
layers can be easily fabricated using commercially available photolithography technology
on CMOS chips using low-temperature compatible microfabrication methods.

Gold electrode structures are a specialized design used in many microelectronic and
microfluidic systems. Gold electrodes are fabricated from thin gold layers, typically de-
posited onto substrate surfaces using methods such as physical vapor deposition (PVD),
sputtering, or electrodeposition. This gold layer has an optimal thickness to ensure high
conductivity, a stable surface, and compatibility with modern microfabrication techniques.
The gold electrode structure typically includes a contact system, a conductive region, and
a main electrode region. The contact system is designed as large pads that connect
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Figure 2.8: Microchannel structure for cell detection and counting using an integrated
impedance sensor in a Lab-on-a-chip.

the electrode to peripheral components such as control circuits or signal measurement
probes. These contact pads are typically large enough to reduce contact resistance and
ensure mechanical durability during use. The conductive area consists of thin metal lines
of appropriate width to maintain conductivity without significantly increasing resistance.
These paths can be straight, curved, or branched depending on specific design require-
ments and applications. The main electrode area is where the device’s important features
are concentrated and can take various forms such as electrode grids, parallel electrodes,
or concentrated electrodes to optimize electric field distribution.

The surface of gold electrodes is often specially treated to enhance adhesion to the
substrate, minimize oxidation effects, and ensure long-term operability. Surface treatment
methods include designing a titanium (Ti) or chromium (Cr) buffer layer between the
gold and the substrate to increase adhesion, or using polymer protective layers to limit
environmental impact. Thanks to these special design features, gold electrode structures
can maintain stable performance and meet the high technical requirements of advanced
microcircuit and microelectronic systems.

The impedance measurement electrode system is a specialized microelectronic design
that determines the electrical characteristics of the environment using the impedance
measurement method (Figure 2.8). This design includes 3 electrodes to create differen-
tial measurement pairs. Using 3 electrodes allows for differential measurement, which
minimizes noise, optimizes accuracy, and ensures uniform electric field distribution in the
measurement area. These electrodes are typically made of gold (Au) due to its excellent
conductivity, oxidation resistance, and stable measurement performance.

The structure of this system is divided into three main regions. The electrode contact
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region is where the electrode connects to the measurement system, ensuring stable contact
between the circuit and the measurement source. The contact region is typically larger
to reduce contact resistance and maintain long-term durability. The conductive region
is the intermediate part between the contact region and the measurement region, often
in the form of narrow conductive paths, helping to control the current and optimize the
voltage distribution across the electrodes. Finally, the main measurement region contains
3 electrodes placed parallel with precise spacing, ensuring the most accurate impedance
measurement by creating a uniform electric field.

The design of these electrodes has important features to ensure high measurement
performance. The electrodes are typically thin parallel bars, which help create a linear
electric field, minimizing the effects of contact resistance and electrical noise. This design
allows for the creation of differential measurement pairs, which helps achieve higher mea-
surement accuracy, especially in microenvironments. The electrodes are typically placed
on an insulating substrate, such as silicon dioxide (SiO2), glass, or PDMS polymer, which
isolates the electrodes from the surrounding environment and ensures signal stability. To
enhance adhesion between the electrodes and the substrate, a titanium (Ti) or chromium
(Cr) buffer layer is often deposited before gold or platinum coating. The electrode was also
designed to ensure uniform electric field distribution, enabling impedance measurements
to achieve the highest accuracy. This structure minimizes the impact of contact resistance
on impedance measurements while ensuring higher accuracy and stability compared to
traditional single-pair electrode systems.

2.1.6 Theoretical Basis for droplet sorting using dielectrophore-
sis (DEP)

After detecting and encapsulating cells in droplets, the next step is to sort and separate
the droplets based on specific criteria. Dielectrophoresis is a widely used technique for
manipulating particles and droplets in microfluidic systems due to its label-free nature
and high precision. Dielectrophoresis, first described by Pohl in 1951 [75], describes the
motion of polarizable particles in non-uniform electric fields. The theoretical framework
for electromechanics of particles has been comprehensively established [76], and DEP
has emerged as a powerful label-free technique for manipulating biological samples [77].
Fluorescence-activated droplet sorting combines droplet microfluidics with DEP-based
manipulation for high-throughput single-cell analysis [78].

Figure 2.9 illustrates the mechanism of microdroplet separation in a microfluidic chan-
nel. When a liquid droplet is placed in a microfluidic system under the influence of a direct
current (DC) voltage, three primary electrostatic effects act on the droplet: electrostatic
potential, dipole-dipole interactions, and dielectric electrostatic potential. Dipole-dipole
interactions occur when droplets become polarized, creating an induced dipole moment



CHAPTER 2. THEORETICAL BASIS AND SIMULATION 38

with oppositely charged ends. These interactions generate attractive or repulsive forces
between droplets without producing a net force on individual droplets, thereby influenc-
ing the structure and dynamics of the droplet system, such as droplet chain or network
formation. Electrostatic forces arise when electrically charged droplets move in a uniform
electric field. This force is proportional to the charge of the droplet and the intensity
of the electric field, playing an important role in the separation of cells or particles in a
microfluidic system. Dielectric electrostatic forces act on uncharged droplets in a non-
uniform electric field and depend on the difference in polarity between the droplet and
the surrounding environment.

Figure 2.9: Microfluidic droplet classification and separation device. (a) Schematic illus-
tration incorporating gold electrode pairs subjected to different high and low DC voltages
with different sizes to achieve both steering and separation effects. (b) Water-in-oil struc-
ture designed to generate droplets through flow concentration effect with gold electrode
pairs near the two outlets. (c) Dimensions of the inlet, outlet, main channel, and gold
electrodes.

In this study, the problem of droplet classification and separation within the same
microchannel and electrode structure (Figure 2.9(a)) [79] was addressed. Parameters such
as channel width, droplet size, and electrode size are crucial for effectively solving this
problem. Figure 2.9(b) illustrates the overall design of the microfluidic channel structure,
including two inlets for the continuous phase and dispersed phase to facilitate droplet
formation and two outlets to evaluate the droplet classification process, combined with
electrodes to generate an electric field. In this proposed design, the droplet formation
channel in the microfluidic system employs a flow-concentrating structure, with both the
dispersed phase and continuous phase having a width of 100 µm (Figure 2.9(c)), aiming
to produce droplets of approximately 100 µm in size. The main channel, with a width
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of 300 µm, ensures that the droplets are concentrated in the center and allows for easy
observation of EHD effects. The outlet channels, including a collection channel and a
discharge channel, have dimensions of 100 µm and 200 µm, respectively. The role of the
outlet channels is to evaluate classification efficiency by analyzing droplet control through
voltage adjustments, thereby determining the optimal voltage range for effective droplet
classification applications. In the absence of an electric field, droplets default to exiting
through the discharge channel. The principle of droplet navigation under the influence of
DEP force is illustrated in Figure 2.10.

Figure 2.10: Illustration of droplet navigation under the influence of DEP force

In this study, the proposed electrode configuration consists of two pairs of flat elec-
trodes placed outside the microchannel, where one pair is smaller than the other. The
droplet does not come into direct contact with the electrodes; instead, the electric field
causes a redistribution of charge within the droplet. Due to the use of flat electrodes of
different sizes, the electric field generated inside the channel is inherently non-uniform.
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The presence of the smaller electrode pair primarily helps deflect the droplet’s movement
during droplet classification. As the droplet passes through this non-uniform electric field,
electrostatic polarization occurs, characterized by the redistribution of charge within the
droplet under the influence of the electric field. This polarization process leads to the
formation of a double electric layer on the droplet surface. After polarization, the re-
distribution of surface charge creates unbalanced electrostatic forces, leading to droplet
deformation. The operating principle of the proposed microfluidic device is illustrated in
Figure 2.11.

Figure 2.11: Operating principle of the proposed microfluidic device. When a water
droplet in oil moves into the region between the small electrode pair and the large electrode
pair, electric polarization occurs. As the droplet continues into the electric field created
by the large electrode pair (Deformation Zone), two effects may occur depending on the
applied voltage: (a) Droplet steering effect—once polarized, the droplet is influenced by
the deflecting electrostatic force caused by the non-uniform electric field, altering the
droplet’s trajectory. (b) Droplet separation effect—when the applied voltage exceeds a
threshold, the combination of droplet deformation and shear force caused by flow velocity
causes the droplet to break into two smaller droplets.

The motion of the droplet is also influenced by electrohydrodynamic (EHD) effects,
which describe the interaction between electric fields and fluid flow [80]. Free charges
accumulate on the droplet surface, creating a non-uniform electric field. This field acts
electro ically on the molecules on the droplet surface, creating forces described by the
Maxwell stress tensor, causing uneven pressure on the droplet surface. As the electric field
strength increases, the surface tension of the droplet becomes insufficient to maintain its
original shape. When the electrostatic force exceeds the surface tension, the droplet will
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be stretched or compressed depending on the characteristics of the electric field.
As the droplet approaches the region with larger electrodes, one of two physical phe-

nomena may occur depending on the voltage applied to the electrodes [81]. In the first
effect, when a certain voltage is applied, the combination of flow velocity and dielectric
electrostatic force due to the non-uniform electric field causes the droplet to deviate from
its initial linear trajectory. By adjusting the applied voltage, the degree of trajectory
deviation can be linearly controlled within a certain range, allowing flexible application
in droplet classification. Conversely, when the voltage is increased to a sufficiently high
level, the combination of droplet deformation, the stretching force at both ends of the
droplet caused by the electric field, and the shear force of the liquid flow leads to droplet
separation. Therefore, by adjusting the voltage applied to the proposed electrode struc-
ture and microfluidic channel, two droplet control techniques can be achieved without the
need for complex electrode configurations or large microfluidic spaces.

In this study, the Navier–Stokes equations describing fluid flow, combined with the
Maxwell equations describing electrostatic phenomena, are formulated within the frame-
work of the finite element method (FEM). These equations account for the incompress-
ibility of the fluid, the interaction between the electric field and fluid flow, as well as the
influence of surface tension:

∇ · v = 0 (2.22)

∂v

∂t
+ (v · ∇)v = −∇p + µ∇2v + fST + fE (2.23)

In these equations, v is the fluid velocity vector, p is the pressure, µ is the dynamic
viscosity, fst represents the surface tension force, and fE denotes the electric force. The
surface tension force fst plays a crucial role in the behavior of the interface surface and is
calculated based on the curvature of the interface κ and the surface tension coefficient γ.

fST = γκn (2.24)

n is the unit normal vector at the interface surface. The electric force fE is determined
from the divergence of the Maxwell stress tensor σM :

fE = ∇ · σM (2.25)

where the Maxwell stress tensor σM in static electricity is defined by:

σM = ϵ
(

EE − 1
2E2I

)
(2.26)

where ϵ is the dielectric constant of the liquid, E is the electric field vector, andE2 =
E · E is the dot product of the electric field vector with itself, representing the square of
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the electric field magnitude. I is the unit tensor.
The level-set method is used to track the interface surface between two liquid phases.

The functionϕ varies continuously on the interface surface, allowing for accurate calcula-
tion of the forces acting on the interface. The level-set equation is expressed as follows:

∂ϕ

∂t
+ ∇ · (vϕ) = χ∇ ·

(
Ψ∇ϕ − ϕ(1 − ϕ) ∇ϕ

|∇ϕ|

)
(2.27)

Where ϕ is the level-set function, χ is the rescaling parameter, Ψ controls the thickness
of the interface surface, and ∇·(vϕ) represents the convection of the level-set function with
respect to the fluid velocity. Hydrodynamic properties such as density ρ and viscosity µ

are determined based on the level-set function, where ρ1 and ρ2 are the densities of the
two liquid phases.

ρ = ρ1 + (ρ2 − ρ1)ϕ (2.28)

µ = µ1 + (µ2 − µ1)ϕ (2.29)

After the control equations are established, the system of equations is assembled and
solved using numerical methods. The numerical calculation results are visualized and ana-
lyzed to understand the behavior of the droplets, including their trajectories, deformation,
and interaction with the electric field. The electrostatic module is used to simulate the
electric field in materials, combining spatial charge density to describe the electrostatic
force acting on leaky dielectric materials.

The electrostatic forcefc acting on leaky dielectric materials can be described through
the divergence of the Maxwell stress tensor, which quantifies the force exerted by the
electric field on the dielectric fluid. This force results from the interaction between the
electric field and the dielectric properties of the material. The detailed formula for this
force is expressed by the following equation:

fc = qE − 1
2E2∇ϵ + 1

2∇
[
E2ρ

∂ϵ

∂ρ

]
T

(2.30)

Where ∇ϵ is the gradient of the dielectric constant, and q is the charge density. The
charge density q and its influence on the electrostatic force also play an important role
in electrohydrodynamic (EHD) simulations. The charge density is determined by the
following formula:

q = ∇ · (σE) − ∇ · (ϵE) (2.31)

Where σ is the electrical conductivity of water, and ϵ is the relative permittivity.
This equation ensures that the charge distribution is accurately described, influencing the
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electrostatic forces in the fluid.

2.2 Simulation modeling

2.2.1 Simulation of magnetic separation using the cavity-integrated
structure

The structure of the proposed microchip is illustrated in Figure 2.12. The geometric shape
of the channel is designed according to the cavity model. In the meandering channel, the
uneven flow pushes the cells toward the outer wall of the channel, where the trap cham-
bers are located. A comparison between particle concentration in Newtonian fluid in a
meandering channel and viscoelastic fluid in a straight channel shows that the meandering
channel allows for more efficient particle concentration in viscoelastic fluid.

Figure 2.12: Simulation mesh model of the proposed cavity microfluidic device.

In this study, the chambers were designed with right angles to facilitate the capture of
target cells. The operating principle of the proposed magnetic separation system involves
the magnetic interaction created between an external magnetic field and magnetic parti-
cles fixed on the target cells. A permanent magnet (N35 magnet) is used to generate a
magnetic field within the microfluidic channel area. Target cells with magnetic particles
are attracted toward the regions of the magnet and thus captured at the corners of the
square compartments, while non-target cells are carried away by the fluid flow.

The magnetic cell separation performance of the proposed structure was tested through
numerical calculations using COMSOL Multiphysics software. The AC/DC and CFD
modules were selected to determine the magnetic field and particle trajectory in a two-
dimensional model. The model was built based on the shape and parameters of the actual
prototype. A neodymium magnet was applied to generate the magnetic field in the model.
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Table 2.1: Parameters used in the simulation study
Parameter Value

Cell radius (rc) 7.5 µm
Particle radius (rb) 0.75 µm
Flow rate (q) 5 µL/min
Relative permeability of the particle 4.1
Relative permeability of the liquid 1
Residual magnetic flux density of N35 magnet 1.2 T
Length of N35 magnet 20 mm
Magnet height N35 5 mm

The dimensions and related electrical parameters are listed in Table 2.1.

2.2.2 Simulation of the Inertial Spiral Microchannel

In order to investigate the hydrodynamics of the Dean flow and optimize the cell focus-
ing efficiency within the proposed continuous spiral structure, a comprehensive three-
dimensional (3D) numerical simulation was conducted. The computational model was
developed using COMSOL Multiphysics 6.1, leveraging the Computational Fluid Dynam-
ics (CFD) and Particle Tracing modules. This section details the model construction,
domain discretization, and the governing physical principles applied during the simulation.

Geometric Construction and Domain Discretization

The 3D geometry of the microchannel was constructed to match the experimental design
dimensions exactly. As illustrated previously, the channel consists of a sequence of spiral
loops with progressively decreasing radii of curvature to induce a gradient of Dean forces.

Discretizing the continuous domain into a discrete mesh is a critical step in Finite El-
ement Method (FEM) analysis, directly influencing both the accuracy of the solution and
the computational cost. For inertial microfluidics, capturing the secondary flow patterns
(Dean vortices) that develop perpendicular to the main flow direction requires a high-
quality mesh, particularly in the curved regions where velocity gradients are significant.

Figure 2.13 presents the meshing strategy applied to the inertial spiral microchannel.
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Figure 2.13: Finite element mesh generation for the 3D spiral microfluidic model. The
overview shows the full channel geometry comprising the large, middle, and small spiral
sections. The inset (zoom-in view) highlights the refined tetrahedral mesh elements ap-
plied to the curved channel walls to accurately resolve the boundary layer and secondary
Dean flow vortices.

The domain was discretized using an unstructured grid composed primarily of free
tetrahedral elements. To optimize the computational efficiency while maintaining high
accuracy in critical regions, a user-controlled meshing sequence was implemented with the
following characteristics:

• Curvature Refinement: As observed in the magnified inset of Figure 2.13, the
mesh density is significantly increased in the spiral sections. The curvature factor
was set to a lower value to ensure that the mesh elements accurately approximate
the curvilinear geometry of the channel walls, preventing numerical diffusion errors
that could dampen the calculated Dean velocity magnitude.

• Boundary Layer Meshing: To accurately resolve the steep velocity gradients near
the channel walls (where the wall-induced lift force FLW is dominant), a boundary
layer mesh was applied. This consists of dense, prismatic elements stacked along
the wall boundaries, transitioning to tetrahedral elements in the bulk flow.

• Mesh Independence Study: A grid independence test was performed by varying
the number of mesh elements from coarse (< 105 elements) to extremely fine (> 2×
106 elements). The chosen mesh, depicted in Figure 2.13, represents the optimized
configuration where further refinement resulted in less than a 2% variation in the
maximum fluid velocity and particle trajectory deviations.
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Governing Physics and Equations

The simulation was decoupled into two steps: a stationary study for the fluid flow field
and a time-dependent study for particle tracking.

Fluid Dynamics (Laminar Flow) The fluid flow within the microchannel is governed
by the continuity equation and the Navier-Stokes equations for an incompressible New-
tonian fluid. Given the micro-scale dimensions and the operating flow rates, the flow
remains within the laminar regime (Re < 2000). The governing equations solved by the
Laminar Flow (spf) interface are:

∇ · u = 0 (2.32)

ρ(u · ∇)u = ∇ ·
[
−pI + µ(∇u + (∇u)T )

]
(2.33)

Where u denotes the fluid velocity vector, p is the pressure, ρ is the density of the
fluid medium (approximated as water, ρ = 1000 kg/m3), and µ is the dynamic viscosity
(µ = 0.001 Pa · s). The inertial terms (u · ∇)u were strictly retained in the solver settings
to ensure the capture of inertial effects essential for this separation mechanism.

Particle Dynamics (Particle Tracing) Once the steady-state flow field was estab-
lished, the Particle Tracing for Fluid Flow (fpt) interface was used to calculate the tra-
jectories of the cells. The motion of the cells is described by Newton’s second law:

d(mpv)
dt

= FD + FL + Fg (2.34)

Where mp is the particle mass, v is the particle velocity, and the forces include the
Stokes Drag force (FD), the Inertial Lift force (FL), and the Gravitational force (Fg).
In this model, the wall-induced lift and shear-gradient lift forces were incorporated to
simulate the equilibrium positioning of cells.

Boundary Conditions

Appropriate boundary conditions were applied to replicate the experimental setup:

• Inlet: A Laminar Inflow boundary condition was applied, defined by a specific
flow rate (Q). Simulations were swept across a range of flow rates corresponding to
Reynolds numbers Rec = 10 to 100 to identify the optimal focusing regime.

• Outlet: A Pressure boundary condition with p = 0 Pa was set at the channel
outlet to suppress backflow effects.

• Walls: A No Slip condition (u = 0) was applied to all inner walls of the channel.
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The simulation results, specifically the velocity profiles and particle focusing positions
derived from this model, provide the theoretical validation for the design parameters
selected for the fabrication process.

2.2.3 Simulation of the microfluidic impedance sensor

To evaluate the performance of the complex impedance measurement technique on a
flat copper electrode substrate proposed by the research group, a simulation model was
constructed. In the experimental design, the microelectrode structure consists of four
electrodes, forming two differential electrode pairs, to facilitate signal recording and pro-
cessing. In the simulation, to simplify the structure, the model was reduced to two flat
electrodes with different sizes to record impedance changes. For calibration purposes,
the model was used to calculate the impedance differences of buffer solutions containing
different cell types, thereby enabling the identification of differences between cell types
within the same population, such as distinguishing cancer cells from benign cells. These
results demonstrate differences in electrical signals between cell lines and confirm that the
proposed electrode structure is applicable for detecting and quantifying A549 lung cancer
cells.

a) Single shell model

Figure 2.14 shows the core model with a single shell, consisting of a conductive sphere
in the cytoplasm and a shell of electric charges in the cell membrane, which is widely
used to analyze electrical impedance measurements. The complex permeability in cell
suspensions is often modeled using Maxwell's mixed theory. The complex permeability of
the synthetic cell mixture, denoted as ε̃mix , is calculated as follows:

ε̃mix = ε̃m
1 + 2ϕf̃CM

1 − ϕf̃CM

(2.35)

Here, ε̃mix is the complex permeability of the cell mixture and suspension medium,
andε̃m is the complex permeability of the cell. Additionally, ϕ represents the volume
fraction of the cell relative to the suspension medium, and f̃CM denotes the Clausius–
Mossotti coefficient:

f̃CM = ε̃p − ε̃m

ε̃p + 2ε̃m

(2.36)

Furthermore, the geometric properties of the electrode arrangement and the electrical
impedance of the integrated system can be expressed as follows:

Z̃mix = 1
jωε̃mixGf

(2.37)
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where ω denotes the frequency of the electric field and Gf is a constant determined
solely by the shape of the sensor region.

Figure 2.14: The core-shell model for the cell model

b) Simulation of the sensor structure

A simulation model for testing the characteristic electrical signals of lung cancer cells
is designed to include a sensor structure comprising a straight channel with two sensor
electrodes (Figure 2.15).

Figure 2.15: Proposed sensor structure model

In the simulation, the structure modeled the configuration of each cell passing through
two electrodes integrated into a microchannel, where one electrode was supplied with a
1 V excitation voltage signal and the other was grounded. PBS 0.1X solution was used
as the buffer solution. Other parameters used in the simulation, as well as the electrical
characteristics of the two types of cancer cells and other blood cells, are presented in the
table.
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Table 2.2: Geometric parameters in the simulation model
Symbol Description Size (µm)

L Microchannel length 1000
H Microchannel height 30
W Microchannel width 30
D Electrode length 30
R1 Electrode width 30
R2 Electrode width * 15
Rc Cell radius 7.5

Table 2.3: Some material parameters used in the simulation
Material Permittivity Conductivity (S/m)

Air 1 10−15

PDMS 2.75 4 × 10−15

Glass 5.5 10−15

PBS 0.1X 80 0.055

In an electrically conductive medium, at a point, Ohm’s law states that:

J = σE + Je (2.38)

Where σ is the electrical conductivity (S/m) and Je is the externally applied current
density (A/m2 ).

At equilibrium, the steady-state electric field in a conductive medium is described by
the simplified steady-state continuity equation as follows:

∇ · J = Qj,v (2.39)

where Qj,v is the current source.
In the case of a static system, the relationship between the potential V and its gradient

E can be determined as follows:

E = −∇V (2.40)

where E is the electric field (V/m) and it also has characteristics similar to the classical
gravitational field.

At the insulator node locations, boundary conditions are established in the simulation.
These boundary conditions mean that no current can flow across the boundary, and the
discontinuous voltage across the boundary is represented as in equation (2.41). Addition-
ally, the boundary environment of the entire model is designed as a sphere and filled with
air.
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Figure 2.16: Mesh used in the simulation

n · J = 0 (2.41)

This condition can be applied at symmetric boundaries where the potential is expected
to exhibit symmetry. It is important to note that this insulating condition does not apply
to internal boundaries. As described in Figure 2.16, a specially refined triangular mesh was
created to increase the element density around the electrode surfaces, including both the
stimulating electrode and the sensing electrode, resulting in a higher number of elements
compared to other regions in the channel.

c) 3-electrode impedance measurement circuit principle

The impedance measurement system is designed based on a differential detection
scheme using a three-electrode configuration. In this setup, the central electrode functions
as the excitation source, driven by an AC voltage signal V (t) = V0 sin(ωt), while the two
adjacent electrodes serve as differential sensing terminals. This symmetrical arrangement
is critical for minimizing baseline drift and common-mode noise, which are prevalent in
high-sensitivity microfluidic measurements.

The equivalent circuit for signal processing typically consists of two Transimpedance
Amplifiers (TIAs) followed by a differential amplifier and a Lock-in Amplifier (LIA). The
current signals I1 and I2 flowing through the two sensing electrodes are first converted
into voltage signals V1 and V2 by the TIAs. Since the impedance of the fluid channel is
high, the currents are in the nano-ampere to micro-ampere range, requiring high-gain,
low-noise amplification. The differential voltage ∆V = V1 − V2 is then extracted.
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When the microchannel is filled only with the buffer solution, the electrical impedance
between the excitation electrode and the two sensing electrodes is balanced, resulting in
a near-zero differential output. As a cell traverses the detection region, it sequentially
alters the impedance of the first and then the second sensing path. This disturbance
generates a characteristic bipolar Gaussian-shaped signal in the time domain. The peak-
to-peak amplitude of this signal correlates with the cell size, while the phase shift provides
information regarding the cell membrane capacitance and cytoplasmic conductivity. The
use of a Lock-in Amplifier allows for the precise demodulation of these in-phase (real) and
quadrature (imaginary) components at the specific excitation frequency, ensuring high
measurement accuracy even in noisy environments.

Applying impedance measurement methods to biological targets presents unique chal-
lenges that require adherence to specific circuit design constraints, particularly within
microfluidic environments. primarily, the measurement voltage applied across the elec-
trodes must be limited to prevent detrimental effects on biological samples. Typically,
the excitation voltage in biosensors ranges from tens to hundreds of millivolts (mV ) [35].
Due to the minute magnitude of these signals, the system is highly susceptible to noise,
especially in sensors employing microelectrode structures.

To address this issue, a Lock-in amplifier circuit was designed for the impedance
measurement system (Figure 2.17). In this design, the Lock-in amplifier is configured to
operate within a frequency range of 10 kHz to 200 kHz. The current flowing through the
sensor is fed back to the output via a transimpedance configuration. The output signal is
subsequently directed to the lock-in amplifier stage, which utilizes an AD630 IC acting as
a synchronous demodulator (multiplier). The lock-in amplifier functions as a high-Q filter;
the signal is amplified only when its frequency precisely matches the reference frequency,
while signal components at other frequencies are treated as noise and attenuated. The
output of the lock-in amplifier is derived from the in-phase (0◦) and quadrature (90◦)
components of the input signal relative to the reference signal.

Following the lock-in amplification stage, the signal is digitized by an Analog-to-Digital
Converter (ADC) and processed by a microprocessor. Sequential measurements can be
performed with incremental frequency steps within a programmable range of 10 kHz to
200 kHz. From the real and imaginary components of the signal (U0 and U90), the total
impedance, real impedance, imaginary impedance, phase angle, and equivalent series
capacitance are determined.

The specific block diagram of the system for detecting living cells in a liquid flow
is illustrated in Figure 2.17. A three-microelectrode impedance chip is mounted on a
PCB, allowing for easy detachment and replacement. A sinusoidal excitation signal with
an amplitude of 1 Vp−p and a frequency of 100 kHz, generated by a function generator,
is applied to the excitation electrode area. Sensing signals from the two receiving elec-
trodes are acquired and transmitted to the processing circuit to detect impedance changes
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Figure 2.17: Block diagram of the living cell in-flow detection system utilizing differential
impedance sensing technique.

between the excitation electrode and the respective receiving electrodes.
The signal processing circuit designed by the research team comprises a high-speed

instrumentation amplifier (IC INA111) and a lock-in amplification stage utilizing a high-
precision balanced modulator/demodulator IC (AD630 – Analog Devices). Two 1 MΩ
resistors (R1 and R2) are connected to the inputs of the INA111 as part of a Wheatstone
bridge configuration. A 1 kΩ resistor is employed as the gain resistor (RG) to set the gain
of the instrumentation amplifier stage, calculated as:

G = 1 + 50 kΩ
RG

(2.42)

The sinusoidal excitation signal supplied to the central electrode serves as the reference
signal for the AD630 lock-in amplifier, facilitating the rejection of common-mode noise
and unwanted background signals. The signal obtained after lock-in amplification is
conditioned by a passive low-pass filter (R = 100 kΩ, C = 100 nF) and a voltage buffer
utilizing a TL082 IC before being transmitted to an external data logger via an SMA
connector.

A regulated DC power supply of ±12 V is used to power the signal processing circuit.
The sinusoidal excitation signal is controlled by a function generator (Agilent 33220A,
Agilent Technologies, Inc., Palo Alto, CA, USA). The processed signal is recorded using a
National Instruments DAQ unit (NI-4431) at a sampling rate of 1 kHz and subsequently
transferred to a computer via a digital interface (GPIB-USB-HS, National Instruments,
Austin, TX, USA). Data is then processed and visualized using LabVIEW software.

The motion of the cell samples within the microchannel is observed and recorded using
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an inverted fluorescence microscope (Model CKX41, Olympus, Tokyo, Japan) equipped
with a CCD camera (DP71, Olympus, Tokyo, Japan) connected to a computer running
Olympus DP image control software. Microscope images are displayed directly on the
screen and recorded to validate the signal results obtained from the circuit. The excitation
signal is applied to the central electrode, while the reference signal is utilized for the lock-
in amplification process. The output voltage is transmitted to the NI 4431 DAQ for data
acquisition.

2.2.4 Simulation of droplet sorting based on electric DEP

The finite element method (FEM) is a widely used numerical technique for solving complex
problems in electrohydrodynamics (EHD), providing a powerful simulation framework
for sophisticated phenomena such as droplet steering and separation. EHD involves the
interaction between fluid flow and electric fields, leading to phenomena that are extremely
sensitive to the properties of the fluid as well as the applied electric field. In particular,
the process of droplet steering and separation in microfluidic channels under the influence
of electric fields requires accurate simulation of fluid dynamics, electric forces, and surface
tension. FEM divides a complex domain into smaller elements, enabling the solution of
physical equations at those elements. In EHD simulation, FEM allows analysis of the
interaction between factors such as electric fields, fluid flow, and forces acting on the fluid
in complex environments. Specifically in this topic, FEM is applied to solve Maxwell's
equations (for electric fields) and Navier-Stokes equations (for fluid flow) simultaneously,
thereby predicting the distribution of electric fields and fluid flow under the influence
of electric fields. This method helps calculate the force exerted on the fluid, determine
the direction and velocity of the flow, which is crucial in the design and optimization of
devices that control fluid flow using electric fields, such as in electronic inkjet devices or
biomedical applications. FEM is particularly effective in solving nonlinear problems and
complex boundary conditions, making it well-suited for EHD systems.

In this study, to gain a deeper understanding of the hydrodynamic phenomena occur-
ring in microdroplet separation technology within microchannels, along with ensuring the
feasibility of the technique, a simulation model was proposed and developed. 3D channel
model and structure 2.20 was set up on COMSOL Multiphysics software (6.1, COMSOL,
Inc., Burlington, MA, USA) to match the actual structure of the microfluidic chip as
in Figure 2.18. Two pairs of electrodes were designed with a flat copper structure and
positioned outside the microchannel. The main channel has a width of 200 µm to allow
the droplet to move freely without being affected by the microchannel edges. A spheri-
cal droplet object with a size of 15 µm was placed in the middle of the microchannel to
simulate the actual position and size of the droplet in a real microfluidic chip. Finally,
the channel height is set to 50 µm, consistent with the actual channel height of 50 to 60
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µm. The physical dimensions of the microchannel are set and simulated multiple times to
determine the optimal parameters for the droplet formation process, serving as the foun-
dation for the fabrication of microchannels and electrodes in practice. The liquid used in
the simulation for the flow and droplets is oil with water, and the physical parameters
such as density, viscosity, and conductivity are set based on the optimal conditions of the
liquid.

Figure 2.18: Structure of the 3D simulation model in the study

To ensure the accuracy of the model, the flow parameters of the oil environment were
adjusted to match the actual conditions in the study. The interaction between the electric
field and the liquid flow was simulated to study the effects of factors such as flow velocity,
applied electric field, and electromagnetic force on droplet motion. The simulation results
show that, by adjusting the voltage and flow parameters, the droplet separation and
movement process in microchannels can be effectively controlled, opening up potential
applications in automatic liquid classification systems and biological analysis devices.

Figure 2.19: Finite elements in the simulation model

First, the simulation model mentioned in the previous section will be divided into
finite elements in the form of a grid across the entire structure (Figure 2.19 illustrates the
distribution of finite elements; the actual number of finite elements used is much larger
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than in the figure). The smaller the size of the finite element, the higher the accuracy and
detail of the simulation results; however, the computational model becomes more complex
and requires stricter parameters. This size will be selected based on the requirements
of the simulation problem. This study uses a large number of finite elements for the
simulation model as follows: 7,127,983 domain elements, 258,400 boundary elements, and
4,299 corner elements to fully calculate the electric field and flow components and clearly
show the changes of the droplet inside the channel. As can be seen in Figure 2.19, the
density of finite elements is arranged more densely around the electrodes than in the
regions inside the channel. This helps calculate the electric field parameters generated
by the voltage applied to the four electrodes. After establishing the finite elements, the
FEM method uses the input parameters to calculate the state values of each element
in the structure. Each element in the structure is calculated at time steps based on
parameters set at initialization or the results of the previous state. This process allows
for accurate tracking and analysis of changes in the position, shape, and motion of the
droplet throughout the simulation.

The spherical shape of the droplet is deformed by forces acting on the moving charges
inside the droplet. This leads to electrohydrodynamic (EHD) effects, and as the ap-
plied voltage increases, the EHD effect becomes more pronounced, potentially causing the
droplet to break up into smaller droplets. The droplet separation phenomenon observed
in practice can be explained by the complex interaction between the electric field and the
droplet, accurately modeled through the volume force module. This module incorporates
the Maxwell stress tensor to calculate the electrostatic forces in three-dimensional space,
which is crucial for understanding the behavior of the droplet under the influence of an
electric field. The Maxwell stress tensor is represented as a matrix3 × 3 , reflecting the
stress components exerted by the electric field on the droplet. The general form of the
Maxwell stress tensorσM in three-dimensional space according to equation 2.28 is defined
as follows.

σM = ε


E2

x − 1
2E2 ExEy ExEz

EyEx E2
y − 1

2E2 EyEz

EzEx EzEy E2
z − 1

2E2

 (2.43)

WhereEx, Ey, Ez are the components of the electric field in the directions x, y and z,
respectively. This tensor describes how the components of the electric field contribute to
the internal stress within the droplet, leading to deformation and ultimately the separation
of the droplet.

The force components in the directions x, y and z, denoted as F x, Fy, Fz , are de-
termined from the divergence of the Maxwell stress tensor, expressed by the following
equations.
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Fx = ∂σxx

∂x
+ ∂σxy

∂y
+ ∂σxz

∂z
(2.44)

Fy = ∂σyx

∂x
+ ∂σyy

∂y
+ ∂σyz

∂z
(2.45)

Fz = ∂σzx

∂x
+ ∂σzy

∂y
+ ∂σzz

∂z
(2.46)

These equations describe how the divergence of the tensor components leads to forces
acting on the droplet, causing deformation and controlling its motion.

The use of the COMSOL simulation model has helped clarify EHD phenomena in
droplet separation technology and the theoretical basis behind the effect of electric fields
on droplets. The simulation results include flow velocity, potential, electric field vector,
and charge distribution on the droplet object. In this model, the input fluid flow rate is set
to a fixed value of 2.78 × 10−11 m3/s. From this parameter, I can calculate the velocity
amplitude value inside the channel. As seen in Figure 2.20(A), the fluid flow velocity
changes significantly in the region of the non-uniform electric field between the two large
electrodes with opposite potentials. The cause of this phenomenon is that the electric
field has affected the flow inside the microchannel. A study has shown that applying a
potential to the flow can affect the flow velocity, as represented by the electric capillary
coefficient (Ca(E)), which describes the ratio of the electric field pressure amplitude to the
capillary pressure between two liquids[31] :

CaE = εmE2h

γ
(2.47)

where ϵm is the electrical conductivity of the environment outside the droplet, E is
the electric field strength, h is the distance between the two electrodes, and γ is the
surface tension between the two liquids. As CaEincreases, the flow velocity gradually
increases. This coefficient helps to assess the effect of the electric field on the droplet and
the flow within the simulated and actual microchannel. In addition to affecting velocity,
this coefficient also helps determine whether the droplet deformation regime is stable or
unstable. In the dense electric field region, the flow velocity is greatly affected by the
strong polarization effect in the channel and the Maxwell electric field pressure gradient,
causing the velocity amplitude to increase from 45 × 10−4 m/s to 55 × 10−4 m/s. This
velocity change region causes the droplet to change its initial direction or split into smaller
droplets, depending on the magnitude of the electric field used inside the channel. The
simulation results partially explain the phenomenon of droplet deflection or splitting in
the design of the separation system in this study.

Another important set of simulation results is the potential shown in Figure 2.20(B).
It can be seen that under the influence of three high-potential electrodes at 1300V, the
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Figure 2.20: Results from the droplet separation system simulation model. A) Velocity
amplitude. B) Potential. C) Polarization. D) Electric field strength

potential inside the microchannel ranges from 800 to 1000V depending on the distance of
the points from the three electrodes. The three high-voltage electrodes create an electric
field in the oil liquid with a value of approximately 1000V. The phenomenon of electric
field generation is based on Gauss’s law of electric field distribution:

Q = ∇ · (εE) (2.48)

Where Q is the charge density per unit volume, ϵ is the permittivity of the liquid, and
−→
E is the electric field vector. This law facilitates the calculation and analysis of electric
fields in highly symmetric systems, while confirming that the electric field depends only on
the charges within a given spatial region. Parallel to Gauss's law, charge is also conserved
by the governing equation:

∂Q

∂t
+ ∇ · Ip = 0 (2.49)

where Ip is the current density. This principle ensures that the total charge in the
system is always conserved, helping me understand the operating principle of an uneven
electric field environment. Charges from three electrodes with high potential create an
uneven electric field in the oil liquid environment in the channel. This static electric
field causes the oil molecules in the channel to become polarized, creating a polarized
region with opposite charges at different poles of the oil molecules. This creates an
uneven electric field, which acts on the passing water droplet. Polarization occurs on the
surface of the water droplet, forming two poles with negative and positive charges. As
the water droplet passes through the non-uniform electric field, this polarization leads to
the formation of dielectrophoretic forces (DEP) within the droplet, altering its structure
and movement within the channel. This phenomenon is the operating mechanism in
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microdroplet separation systems, where dielectrophoretic forces act on water droplets,
causing droplet separation or controlling their movement.

Figure 2.20(C) shows the simulation results of the polarization of the environment
inside the channel under the influence of an electric field. At the two large electrodes
with opposite potential values, the polarization is greatest throughout the channel due
to the concentration of oppositely charged particles moving between the two electrodes.
The polarization is calculated using the formula:

P = ε0(εo − 1)E (2.50)

With P being the polarization vector, ϵ0 is the permittivity of free space (8.85 ×
10−12 F/m), and ϵo is the permittivity of the oil medium. The polarization of the oil
in the channel has a small value, approximately half that in the region surrounding the
electrodes, which is 20 × 10−6 C/m2, due to its location in the strong electric field region
within the channel. For points at the small electrodes, the polarization is smaller and not
strong enough to affect the structure and shape form of the droplet. This region of weak
polarization causes the droplet to become polarized as mentioned above, improving the
effect of electric forces on the droplet and causing it to deform.

Finally, Figure 2.20(D) shows the simulation results of the electric field intensity in
the channel, where the electric field region extends from the high-potential electrodes
to the electrode set to zero potential. It is clearly visible that this is an area of non-
uniform electric field, with the electric field intensity values at the center of the channel
and between the two electrodes ranging from 2 to 2.5 × 106 V/m. This is the region
where the droplet is most affected by the electric field due to the high electric field
density, and the flow velocity also increases significantly here. Based on Gauss's law
(Equation 16), I can analyze the effect of the electric field in the dielectric medium, which
is oil. The oil material in this simulation model has a low permittivity of 2.2 F/m, so
a high voltage is required to generate an electric field region with sufficient intensity to
separate the droplets. The selection of oil and water materials is not only based on the
different viscosities of the solutions; for the electric field to act on the water droplets in
the microchannel, the permittivity of the two materials must also be considered. The
permittivity of water in the simulation is 80 F/m, making the water droplet surface
easier to polarize and more strongly influenced by the DEP force. The magnitude of the
DEP force acting on the droplet depends on the permittivity difference between the two
materials:

FDEP = 2πa3εoRe
(

ε∗
w − ε∗

o

ε∗
w + 2ε∗

o

)
∇E2 (2.51)

Where a is the radius of the droplet, ϵo is the permittivity of the oil environment
surrounding the droplet, andε∗

w, ε∗
o is the complex permittivity of the two materials,
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water and oil[32] . The complex permittivity is calculated using the following formula:

ε∗
w,o = ε0εw,o − j

σw,o

2πf
(2.52)

Where f is the frequency of the electric field. However, the power source used in
this study is a direct current source, so the frequency f is zero. Therefore, only the
componentε0εw,o plays a decisive role in the complex permittivity of the two materials.
Thus, the selection of water and oil as the two materials in this study is appropriate for
creating an electric field inside the channel. With the difference in permittivity, the DEP
force generated by the non-uniform electric field will have a stronger effect on the water
droplet. Finally, the distribution of the electric field shows that near the ground electrode,
the electric field intensity reaches 5 × 106V/m. This phenomenon occurs because the
electric field gradients are concentrated at the electrode with a low potential, so the
electric field intensity here has a greater value than in the middle of the channel. In this
region, positive charges are strongly attracted to the ground electrode by the DEP force
and the electrostatic force, causing the droplet to deform.

2.3 Conclusion

In this chapter, a comprehensive theoretical framework was established to support the
design of the integrated Lab-on-a-Chip platform for rare lung cancer cell analysis. First,
the molecular recognition mechanism between EpCAM-specific aptamers and A549 cells,
together with the subsequent coupling to Fe3O4 magnetic beads, was analyzed to clarify
how stable, selective aptamer-magnetic labeling underpins efficient CTC capture in the
cavity-integrated microchannel. Next, the principles of inertial microfluidics in spiral
channels were developed, highlighting the balance between inertial lift and Dean drag
forces that enables single-file focusing and uniform longitudinal spacing of cells prior
to downstream detection. Finally, the electrohydrodynamic basis of dielectrophoresis for
droplet steering and splitting was formulated, including the coupling of Navier–Stokes and
Maxwell equations and the role of non-uniform electric fields in controlling water-in-oil
droplet trajectories.

Numerical simulations using finite element models confirmed that the proposed design
parameters are physically sound and suitable for implementation. The cavity-integrated
magnetic separator achieved a simulated capture efficiency in the range of 80–100%, while
the continuous spiral structure produced stable single-stream focusing of cells over practi-
cal Reynolds numbers. In the DEP-based droplet module, the simulations demonstrated
precise steering and controllable splitting of droplets by tuning the applied voltage and
electrode geometry, thereby optimizing droplet partitioning at the outlet junction. Col-
lectively, these results validate the selected geometries, operating conditions, and material
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choices, providing a solid theoretical and computational foundation for the experimental
fabrication and characterization work presented in the subsequent chapter.



Chapter 3

MATERIAL PREPARATION AND
EXPERIMENT SETUP

3.1 Fabrication Process and Sample Preparation

3.1.1 Microelectrode Fabrication Process

Fabrication of microelectrode structures using the wet etching method:
The photolithography method uses a mask and UV light source to create structures

on a photoresist polymer layer, according to the mask design. The resolution of the mask
depends on specific requirements: it can be laser printing on a transparent substrate
(1200 dpi with a resolution of about 250 nm), high resolution on thin transparent film
(10,000 dpi, about 30 nm), or a high-end mask with a structure printed by depositing
Chromium on quartz (420,000 dpi, about 600 nm). High-resolution masks are typically
more expensive and limited in size to microfluidic devices, usually around 100 mm per
side. In this study, the mask was fabricated as a 4 inch quartz wafer as described in
Figure 3.1.

The fabrication process for microelectrode structures based on photolithog-
raphy and wet etching includes the following steps (Figure 3.2):

• Step 1: The S1813 photoresist layer (Shipley 1813, MicroChem Co., Ltd., Westbor-
ough, MA, USA) is coated onto a glass substrate that has been sputter-coated with
a layer of chromium and gold and surface-treated. The coating process is performed
in two stages: first, spinning at 700 rpm for 10 s, then increasing to 1700 rpm for
20 s to create a 2 µm thick photoresist layer. Next, the substrate is heated at 90 ◦C
for 2 min to fix the coating.

• Step 2: The freshly coated photoresist layer is exposed to UV light at an energy
level of 90 mJ cm−2. After exposure, the glass plate is heated at 90 ◦C for 3 min to
fix the photoresist layer.

61
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Figure 3.1: Quartz masks are used to fabricate electrodes

• Step 3: Prepare the developer solution by diluting MP 351 with DI water at a ratio
of 2:9. The photoresist activated by UV light in the exposure step is developed by
immersing the wafer in the developer solution for about 9 s. Then, rinse the wafer
again with DI water and dry it with N2 gas. The wafer is baked at 120 ◦C for 3 min
to completely remove any remaining moisture on the surface.

• Step 4: Etch the gold layer not protected by photoresist by immersing the wafer
in a gold etchant solution for about 15 s. Then, rinse the wafer again with DI water
and dry it with N2 gas.

• Step 5: Etch the Chromium layer not protected by photoresist by immersing the
wafer in Chromium etchant solution for about 10 s. Next, rinse the wafer with DI
water and dry it with N2 gas.

• Step 6: Remove the remaining photoresist layer by rinsing the wafer with Acetone
and Ethanol solution. Then, rinse the wafer again with DI water and dry it with
N2 gas.
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Figure 3.2: Fabrication process for microelectrode structures with microchannel structures

3.1.2 Microfluidic channel fabrication process

The polydimethylsiloxane (PDMS) microchannel was fabricated using soft lithography,
a standard method in microfluidic technology (Figure 3.3 ) [82]. This process consists
of two main stages: fabrication of the master mold using SU-8 photoresist material and
replication of the microchannel structure onto PDMS material from that master mold.
The technological parameters were optimized to ensure geometric accuracy and quality
of the microchannel structures.

• Step 1: First, the master mold is fabricated on a silicon substrate. The silicon
wafer is prepared and thoroughly cleaned by soaking in methanol, acetone, and
then rinsing with deionized (DI) water before being dried with nitrogen gas. To
create the microchannel structure, a layer of SU-8 2050 photoresist is evenly coated
onto the silicon substrate surface. The channel height is controlled by the speed
and duration of the spin-coating process. For example, to achieve a channel height
of 100 µm for , the spin speed was set at 1700 rpm for 30 s. After coating, the
substrate was soft baked at 65 ◦C and 95 ◦C to evaporate the solvent and stabilize
the photoresist layer.

• Step 2: Spin coat with a spin coater (Laurell Technologies, Model: WS-650MZ-
23NPP) for 35 s at 1000 rpm or 4000 rpm to create SU-8 layers with thicknesses of
100 µm and 30 µm, respectively.

• Step 3: Prebake (Softbake): Heat the SU-8-coated silicon wafer (2050, MicroChem
Corp., Newton, MA, USA) from room temperature to 95 ◦C. Increase the temper-
ature by 5 degrees every 2 min. The temperature increase from 60 ◦C to 65 ◦C was
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maintained for 10 min, and the temperature increase from 90 ◦C to 95 ◦C was main-
tained for 30 min. The silicon wafer was then cooled to room temperature for at
least 2 hours.

• Step 4: Expose the cooled silicon wafer to UV light (MIDAS SYSTEM, Model:
MDA-400S Mask Aligner). The silicon wafer is set up with a mask containing defined
structures placed on top of the wafer. The exposure energy is set according to the
photoresist supplier’s requirements; in this case, the energy is set at 210 mJ cm−2.

• Step 5: Post exposure bake: Heat the exposed wafer from room temperature to
95 ◦C. Increase the temperature by 5 degrees every 2 min. The temperature increase
from 60 ◦C to 65 ◦C is maintained for 5 min, and the temperature increase from 90 ◦C
to 95 ◦C is maintained for 8 min. After that, the silicon wafer is cooled back to room
temperature for at least 2 hours.

• Step 6: Develop the SU-8 photoresist using SU-8 Developer solution to remove
unwanted photoresist. The remaining SU-8 photoresist will be used as a mold for
the liquid microchannel.

Figure 3.3: Optimized process for fabricating SU-8 channel molds

The next step is to replicate the structure from the master mold onto PDMS. The
PDMS mixture is prepared by mixing the base polymer and curing agent (Dow Corning,
Model: Sylgard 184) at a 10:1 weight ratio. The mixture is then degassed in a vacuum
chamber to completely remove air bubbles. The liquid PDMS solution is poured onto the
SU-8 mold surface and cured at 65 ◦C for 2 hours. After curing is complete, the PDMS
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layer is carefully peeled off the master mold, forming an exact replica of the microchannel
structure. Inlet and outlet ports are created using a specialized punching tool.

To complete the microfluidic chip, the surface of the PDMS sheet containing the
microchannels and the surface of a substrate (e.g., a glass sheet containing microelec-
trodes) are treated with oxygen plasma. This process activates the surfaces, making
them hydrophilic and facilitating permanent, irreversible bonding when the two surfaces
are pressed together. The alignment process between the microchannels and the structures
on the substrate is performed with high precision under the support of a camera moni-
toring system, ensuring absolute alignment before bonding, completing the microfluidic
device.

Table 3.1: Optimal parameter table for the manufacturing process for 30 µm and 100 µm
chips

Process parameters LoC (30 µm height) LoC (100 µm height)

Coating rotation speed (rpm) 4000 1700
Coating rotation time (s) 35 30
Soft bake 65 ◦C (minutes) 3 5
Soft bake 95 ◦C (minutes) 6 10
UV energy level (mJ cm−2) 200 260–280
Irradiation time (s) 20 26–28
Post-Exposure Bake 65 ◦C (minutes) 1 5
Post-Exposure Bake 95 ◦C (minutes) 6 12
Development time (s) 10–15 15–20
Hard bake at 150 ◦C (minutes) 5 10

In the microfluidic device fabrication process, the selection and optimization of tech-
nological parameters such as spin coating speed, baking time, exposure time, and UV
energy level are key factors that directly affect the quality and geometry of the microflu-
idic channel. Based on the design goal of channels with two heights of 50 µm and 100 µm,
the parameters were fine-tuned to ensure accuracy in photoresist (SU-8) layer thickness,
mold adhesion, and sharp patterning (Table 3.1). Specifically, at a height of approxi-
mately 30 µm, the SU-8 layer requires a higher spin coating speed (4000 rpm) to create
a uniform thin film. The baking steps (soft bake and post-exposure bake) were also op-
timized with shorter times because the thin layer easily loses moisture and stabilizes its
shape quickly. An UV irradiation energy level of 200 mJ cm−2 and an exposure time of
20 s were sufficient to penetrate the thin SU-8 layer and ensure complete polymerization.

Conversely, at a height of 100 µm, the thicker SU-8 layer requires a lower spin speed
(1700 rpm) to maintain the desired thickness. Both baking and exposure steps have
higher time and energy (UV 260 mJ cm−2 to 280 mJ cm−2, 26 s to 28 s) to ensure deep
UV penetration and polymerization reaction throughout the entire SU-8 layer height. Si-
multaneously, the exposure time is extended to completely remove the unexposed portion
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without damaging the structure.
The selection of two channel heights, 30 µm and 100 µm, is based on specific application

requirements:

• 30 µm is typically suitable for laminar flow, precise microfluidic control, and single-
cell separation.

• 100 µm allows for higher flow rates, reduced inlet pressure, and is suitable for micro-
particle systems or 3D cell models.

In this study, after optimization, a channel height of approximately 30 µm was selected
as optimal. This channel height avoids channel blockage during magnetic separation and
provides sufficient sensitivity for cell detection and quantification based on impedance
signals.

3.1.3 Sample Preparation Process for Magnetic Separation Sys-
tems

First, prepare A549 (Sigma-Aldrich, Model: 8601284-CDNA-20UL) and HeLa (Sigma-
Aldrich, Model: CB_85120602) cell samples cultured stably in a suitable medium and
conditions. The steps for preparing the solution are described in detail below:

1. Use a pipette to take 5 µL of magnetic bead solution into a centrifuge tube and place
it on a magnetic stand. The magnetic bead solution will be washed with 100 µL of
MES buffer solution using a pipette. After washing the magnetic bead solution, the
research team will use a magnetic stand to fix the magnetic beads and remove the
excess liquid.

2. Add 60 µL of MES buffer solution and 40 µL of NHS/EDC solution to the washed
magnetic particles. Mix the mixture thoroughly with a pipette and incubate the
solution on a mixer with an oscillating shaking mode at 30 rpm for 30 min.

3. Prepare the NH2-modified aptamer solution (solution stored in a freezer):

• After removing the centrifuge tube containing 5 µL of aptamer from the freezer,
centrifuge at 10 000 rpm for 1 minute.

• Warm the aptamer using boiling water.

• Remove the aptamer from the hot water and allow it to cool for 15 min.

• Add 45 µL of binding buffer solution to the centrifuge tube and mix with a pipette.
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4. Use a magnetic stand to fix the magnetic beads and remove excess liquid. Add the
aptamer solution to the centrifuge tube containing the magnetic beads and mix the
solution thoroughly with a pipette. Incubate the solution on a mixer set to oscillate
at 30 rpm for 90 min.

5. Prepare A549 and HeLa cells

• Remove the cell culture dish from the incubator and aspirate the old DMEM solution
from the dish using a pump.

• Wash the cells in the dish twice with 1.5 mL of 1X PBS solution (the solution will
then be aspirated from the dish).

• Add 1.5 mL of Trypsin solution to the cell dish and place it in an incubator at 38 ◦C
and 5% CO2 for 5 min. This step will cause the cells adhering to the dish to detach
from the bottom of the dish.

• After removing the cell dish from the incubator, add 1.5 mL of DMEM solution to
the dish to neutralize the cell-killing effect of Trypsin.

• Tap the sides of the culture dish to ensure the cells are completely detached from
the dish.

• Use a plastic pipette to aspirate the solution containing A549 cells into a centrifuge
tube.

• The centrifuge tube will contain approximately 106 A549 cells in 1.5 mL of solution.

• Repeat the above steps with the HeLa cell culture dish.

6. Cell staining

• Place the centrifuge tube containing 1.5 mL of solution with A549 cells and the
centrifuge tube containing 1.5 mL of solution with HeLa cells into a centrifuge at
500 rpm for 5 min.

• Remove the excess solution from the two centrifuge tubes and replace it with 1X
PBS solution twice to wash the cells.

• Add 3 µL of blue staining solution to the solution containing A549 cells; add 3 µL of
red staining solution to the solution containing HeLa cells and incubate in a Mixer
at 25 rpm for 15 min.

• After staining, count the cells using a counting chamber to determine the cell con-
centration to be used in the experiment.
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7. After incubating the magnetic bead solution for 90 min, wash the magnetic bead
solution on the magnetic stand with 100 µL of 1X PBS solution three times. Add
200 µL of HeLa cell solution to the centrifuge tube containing the washed mag-
netic beads. Mix the solution thoroughly and place the system in a mixer with an
oscillating shaking mode at 30 rpm for 30 min.

8. Complete the magnetic bead binding process

5 µL of the solution will be used for microscopic observation to evaluate staining and
magnetic bead binding efficiency (Figure 3.4). The prepared solution sample will be
transferred into a syringe for microfluidic separation experiments.

Figure 3.4: Images of A549 cells (stained blue) and Hela cells (stained red)

3.2 Experiment Setup

3.2.1 Experimental configuration for magnetic separation

The magnetic separation experiment system was arranged as shown in Figure 3.5, in-
cluding the main components: micro syringe, microfluidic chip mounted on a microscope
stage, fluorescent light source, CCD camera, and computer connected to image acquisition
software. The A549 cell line labeled with magnetic particles was delivered from the con-
tainer tube through the microinjection pump into the microfluidic channel at a flow rate
adjusted between 2–8 µL/min to maintain stable laminar flow throughout the channel.
The microfluidic chip was precisely positioned under the objective lens of the microscope
to ensure the observation field always aligned with the magnetic compartments.

To create a magnetic field during the experiment, a permanent magnet was placed
outside the chip at a position corresponding to the chamber area of the microfluidic chan-
nel. The intensity and direction of the magnetic field are adjusted so that the magnetic
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Figure 3.5: Experimental setup for magnetic separation

gradient is concentrated at the upper wall of the channel – where the phenomenon of
magnetic particle-bound cell capture is expected to occur. Light from an LED fluores-
cent source is shone through the transparent glass substrate of the chip, allowing clear
observation of the location of stained cells.

Before conducting the experiment, A549 cells were labeled with magnetic nanoparticles
and stained with a specific fluorescent dye for easy identification under a microscope.
During operation, the fluorescent images emitted by the captured cells were captured
by a high-sensitivity CCD camera, transmitted directly to a computer for recording and
processing. This allowed real-time observation of the movement, positioning, and adhesion
of magnetic cells in the channel.

Figure 3.6: Actual setup of magnetic separation on a microfluidic chip

Figure 3.6 shows the actual configuration of the experiment. The microfluidic chip is
fixed on the microscope stage, with the inlet connected to a micro-syringe. Blue fluorescent
light is used to detect the signal from stained cells, enabling direct observation of the
capture process of A549 cells labeled with magnetic particles. Experimental conditions are
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maintained at room temperature, with the pumping rate adjusted appropriately to avoid
flow disruption or excessive shear forces that could affect the adhesion of magnetically
captured cells.

This setup allows for visual verification of the magnetic cell capture process in a
microfluidic environment, serving as an important intermediate step before performing
quantitative separation efficiency experiments. Simultaneously, this configuration is also
used to calibrate operational parameters such as optimal pumping speed, magnet place-
ment, and light intensity, ensuring standardized conditions for accurate fluorescence data
acquisition in subsequent experiments.

3.2.2 Experimental configuration for impedance measurement

The cell counting system is operated according to a complete device procedure, in which
each step supports and complements each other to ensure high accuracy and reliability
of the count. First, the cell sample is prepared under standard conditions, including
appropriate dilution, removal of debris or fragments, and ensuring cell integrity before
entering the system. After preparation, the sample is loaded into a microfluidic pump,
where the sample flow is pushed into microchannels at a stable speed to avoid air bubbles
or flow fluctuations, factors that could affect the measurement results.

As the sample moves through the microfluidic chip, integrated impedance sensors
on the planar structure continuously record electrical signal changes as each cell passes
through the measurement region. These impedance measurements enable the detection
and characterization of cells based on electrical variations in the surrounding environment.
Simultaneously, the entire process is monitored under an optical microscope, combined
with a high-speed camera to capture images and videos of cells moving in the microchan-
nel. Thus, image data can be used for verification, morphological description, or to
supplement the signal analysis step.

Subsequently, the acquired electrical signals and images are transferred to a data ac-
quisition and processing unit, where the system performs noise filtering, event separation,
and signal classification related to each cell. Processing algorithms are then applied to
extract information, calculate cell counts, and determine parameters related to their elec-
trical characteristics. This analysis step helps link pure data from the sensor with visual
observations from the optical system, producing reliable and well-founded results.

Finally, all results are displayed through the system’s intuitive interface, allowing users
to easily evaluate cell counts, compare sensor data with images, and use the information
obtained for further research or applications. Through the integration of microfluidic,
electronic, and optical devices, this process forms an efficient, automated cell counting
system suitable for microscopic analysis in biological and biomedical research.

Table 3.2 presents the main specifications and corresponding functions of the compo-
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Table 3.2: Data table on equipment in the cell counting system
No. Equipment Key technical specifications Notes

1 Liquid pump Adjustable flow rate: 0.1–10
µL/min

Used to push cell sam-
ples into stable mi-
crochannels

2 Microfluidic
channel

Width: 30 µm, height: 30 µm Integrated with sen-
sors and designed to
fit cell size

3 High-speed cam-
era

Frame rate: 1000 fps, resolution:
640×480 px

Records the process of
cell movement in the
channel for compari-
son

4 Impedance mea-
surement circuit

Frequency range: 10 kHz –
300 kHz, sensitivity: <10 mV/cell

Capture electrical sig-
nals and determine
cell presence

5 Signal and im-
age processing
software

Supports impedance signal anal-
ysis and cell image recognition

Simultaneous data
processing from mea-
surement circuit and
camera

6 Control com-
puter and data
storage

CPU ≥ i5, RAM ≥ 8GB, storage
≥ 256GB SSD

System control, data
storage, and result
display

nent devices in the Lab-on-a-Chip integrated cell counting system. The system uses a
liquid pump with adjustable flow rates from 0.1 to 10 µL/min to ensure stable flow in
the microchannel. The microfluidic channel is designed with compact dimensions (30 µm
wide, 30 µm high) to match cell size and optimize sensor performance. The high-speed
camera has a frame rate of up to 1000 frames per second with a resolution of 640×480
pixels, enabling accurate recording of cell movement within the channel. The impedance
measurement circuit operates in the frequency range from 10 kHz to 300 kHz, with a sen-
sitivity below 10 mV/cell, serving to receive bioelectric signals to determine the presence
of cells. Data from the camera and measurement circuit are processed simultaneously
through dedicated software, enabling impedance signal analysis, image recognition, and
automatic cell counting. Finally, the entire system is controlled and data is stored by
a computer with a minimum configuration of an i5 CPU, 8GB RAM, and an SSD hard
drive, ensuring stable operation and fast data processing. The specification table provides
an overview of the technical features and roles of each device, serving as a basis for system
evaluation and optimization.

Figure 3.7 shows the actual connection of the system, including key components such
as a microscope, impedance measurement circuit, analysis computer, and camera. Based
on this image, we will describe and analyze how each component in the cell counting
system works.
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Figure 3.7: Image of the cell counting system setup

3.2.3 Experimental configuration for cell encapsulation in droplets
and droplet separation using DEP

Based on the issues raised and the research objectives, the microfluidic cell packaging
system for single-cell analysis was developed as follows.

Figure 3.8 shows the experimental setup with a microfluidic chip. The microfluidic
chip has two input channels and one discharge channel. The input channels include an
oil solution channel and a water solution channel. The test object is a plastic particle
sample mixed with water solution at a ratio of 1 gram of particles mixed with 5 mL of
water. In addition, the micropump uses two 5 mL cylinders containing the input solution
for the chip. To test the system, the pump speed in the water channel is kept constant
at 3 µL/min, and the pump speed in the oil channel is gradually increased from 5 µL/min
to 8 µL/min.

The hardware system consists of four main components: a microfluidic chip, a microp-
ump, a high-speed camera, and a processor. The output of the hardware system is cells
encapsulated in droplets. Images of the droplets are sent from the camera to the proces-
sor and analyzed by deep learning algorithms to detect droplets and count the number of
cells.

The pumping process is performed after successfully connecting the pumping channels
to the droplet-forming chip. For a microfluidic system to operate smoothly, the dispersed
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Figure 3.8: Overall system for cell encapsulation in droplets and droplet sorting using
DEP

phase and continuous phase of the device must be pumped evenly. Microfluidic chips have
very small phases, so micro-pumps are needed to use driving force to push the solution
into the phases. Micro-pumps need to be stable and capable of transferring liquid at
slow speed and can be changed over time to achieve the desired droplet size. During
droplet formation, energy introduced from the cylinder pumps or pressure controllers is
partially converted into interfacial energy, thereby promoting instability of the liquid-
liquid interface and causing droplets to be cut off from the dispersed phase.

The microfluidic cell separation system developed consists of three main modules: the
observation and display module, the flow manipulation module, and the microdroplet
manipulation module. The observation and display module uses a display screen and
microscope to observe liquid droplets and analyze the cell separation process in the mi-
crochannel. The flow control module includes cylinders that control the flow of liquids
(water and oil) and connection systems such as solution delivery tubes, allowing precise
adjustment of the flow through the microchannel. The microdroplet manipulation block
includes devices that enable the control and separation of liquid droplets in the channel,
including a high voltage source to generate an electric field that affects the droplets. This
system allows experiments to be performed in a compact space and can be packaged into
a dedicated experiment kit if the observation and flow manipulation blocks are replaced
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with smaller devices.
The micro-pump used in the system is the "GEMINI 88 Plus Dual Syringe Pump"

from KD Scientific. The micro-pump provides two independent pumping channels, P1
and P2, which are linked via both software and hardware. The micro-pump meets the
main requirements of the project, such as remote control via USB cable, interaction
via HMI interface, and the ability to control the difference in speed between the two
pumping channels to influence the droplet control process. To support the data collection
process for droplet formation, the system uses a high-speed Phantom camera with the
model number "VEO-710L-72G-C" to observe the microfluidic channel. This is a high-
speed camera capable of 7400 fps with an image resolution of 1280 × 800, suitable for
providing detailed videos of the research subjects. The processing unit includes a computer
device responsible for receiving image and video signals from the camera and performing
analysis algorithms. With different channel velocities, the size of droplets displayed on
the computer screen varies, and the number of cells packaged relates to size and flow rate,
all recognized by deep learning algorithms.

3.3 Signal processing techniques

3.3.1 Computer vision model for quantifying the coverage value
of magnetic particles

Quantifying the coverage value of magnetic particles
The effectiveness of cell separation systems using magnetic fields strongly depends on

the specific binding ability between target cells and magnetic beads (MBs). Therefore,
quantitatively assessing the degree of cell surface coverage by MBs is crucial for ensuring
the quality of the cell-bead binding process, which directly impacts the capability and
efficiency of magnetic separation devices. Additionally, analyzing the impact of magnetic
particle size on cell surface coverage provides important data for selecting the optimal
particle size in practice.

Figure 3.9 illustrates the principle of quantitatively calculating the degree of MB
coverage on the surface of A549 lung cancer cells. The coverage value is determined by
the ratio of the cell surface area covered by MBs (MBs Area) to the total cell surface area
(Cell Area). Specifically, the cell area covered by MBs is determined from bright-field
images and fluorescence images; fluorescence images are particularly useful when the cell
area is heavily obscured by MBs in bright-field images. The coverage value is calculated
using the formula:

Coverage value = MBs Area
Cell Area (3.1)
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Figure 3.9: Quantitative assessment of magnetic particle coverage on A549 target cells

where the MBs area is determined directly through bright-field image analysis or
combined with fluorescence images, while the total cell area is mainly extracted from
fluorescence images to avoid errors caused by cells being covered by magnetic particles
in bright-field images. Quantitative assessment of the coverage level of MBs on the cell
surface is very important for magnetic separation efficiency. Specifically, a high coverage
level means that the number of MBs bound to the cells increases, leading to a significant
increase in the magnetic force acting on the cells. Conversely, when the cell surface area is
less covered, the magnetic force obtained may be insufficient to manipulate or effectively
separate target cells, especially under conditions of high flow velocity or low magnetic field
gradient. Furthermore, determining the coverage value also provides direct information
about the effectiveness of MB surface functionalization and the specific recognition ability
of the aptamer or antibody used. Thus, the coverage value serves as a quantitative
parameter for evaluating the performance of sample preparation and processing steps prior
to magnetic separation, enabling optimization of experimental parameters to achieve the
best results.

Application of Computer vision models for evaluation In recent years, image
segmentation techniques have been extensively researched and developed, particularly
in biomedical applications such as tumor detection in medical images, cell classification
in microscopic images, tissue segmentation in MRI images, and anatomical structure
analysis from CT images. Among these, cell segmentation plays an essential role in
cell analysis, helping to accurately identify and quantify rare cells in complex biological
samples, thereby supporting early disease detection and effective treatment monitoring.

In this study, a key challenge addressed was how to accurately quantify the surface
area of cells covered by magnetic particles and predict the actual cell area through image
processing and segmentation techniques. These techniques allow determining the num-
ber of pixels corresponding to the covered area on the acquired image (Figure 3.10). In
this study, we used a 20◦ magnification objective lens, which is the optimal balance be-
tween resolution and image acquisition efficiency , ensuring the necessary analysis quality
while minimizing experimental time and minimizing cell damage when outside the culture
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environment.

Figure 3.10: Schematic diagram of the detection and segmentation model for cells and
magnetic particles

Images of the MBs–CTCs mixture were acquired using an inverted fluorescence micro-
scope (CKX41, Olympus, Tokyo, Japan) combined with a CCD camera (DP71, Olympus,
Tokyo, Japan) and connected to a computer running Olympus DP Controller software.
The acquired images contained a mixture of MBs and A549 cells, simultaneously showing
both cells attached to beads and uncovered cells. When a cell or cell fragment was not
attached to any bead, its characteristic boundaries and internal structure could be clearly
observed, similar to MBs not attached to cells.

To evaluate the inactivation and binding efficiency of MBs on A549 lung cancer cells
(live cells), the study proposed a method using a combination of object detection and
semantic segmentation techniques. This method aims to accurately identify A549 cells in
the acquired microscopy image set and quantify the degree of MBs bound to each cell.

The acquired microscopy images include a mixture of cells bound to MBs, clusters of
cells without MBs, and clusters of MBs not bound to any cells. The main objective of the
study is to identify MBs–cell pairs using a specialized single-layer object detection model,
where the output is bounding boxes corresponding to MBs–cells. From these bounding
boxes, sub-images containing individual MBs–cells are cropped from the original image.
This step helps eliminate most unnecessary objects, such as free MBs or cells not attached
to MBs, from subsequent processing steps.

After separating the cropped images of each MBs–cell, a semantic segmentation model
is applied to distinguish the region occupied by the cell and the region occupied by
the MBs. The model generates masks after segmentation, and these masks are used
to calculate the area covered by MBs on the cell. By aggregating the area data obtained
from each MB attached to the cell, an approximate distribution can be estimated to
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evaluate the efficiency of the attachment process.
In this image processing workflow, the YOLOv8 (You-Only Look-Once version 8)

model is used as an object detection and segmentation tool, focusing on a single object
class: cell clusters–MBs. YOLOv8 represents an advanced image segmentation model,
enabling the identification and isolation of individual objects within an image. The output
of the YOLOv8 model is then used to determine the location of cells in the fluorescence
image. Next, the K-means algorithm is applied to separately segment the cell area and
MBs area in the bright-field image, as well as to segment the cell area in the fluorescence
image. The cell area segmented in the fluorescence image is used to estimate the actual
cell area using the smallest-circle problem (finding the smallest circle that contains the
cell).

The YOLOv8 model combines object detection and semantic segmentation within
a convolutional neural network (CNN). The CNN in YOLOv8 generates low-resolution
feature maps through convolutional layers, then gradually increases the resolution through
successive layer sampling techniques. In this model’s architecture, the convolutional layer
builds masks for each pixel. Combined with bounding boxes and confidence scores, these
masks are used to accurately identify and classify objects in images, effectively solving
the segmentation challenge.

In this study, the main objective of the model is to detect and segment MB clus-
ters associated with cells. The YOLOv8 model training dataset was labeled using the
Roboflow tool, and the model was pre-trained on the large COCO dataset to improve
learning efficiency. During image labeling, only cell-associated MBs were marked to en-
sure the model’s specificity. The model’s detection function plays a crucial role in elimi-
nating non-cell-associated MB clusters, ensuring that only truly cell-associated MBs are
accurately segmented. The model’s output includes bounding boxes and pixel masks of
cell–MB clusters, providing a comprehensive and accurate visual representation of these
objects. The first stage involves detecting MBs–cell pairs using the YOLOv8 Object De-
tection model, an advanced object detection and image segmentation model developed
by Ultralytics. This model uses an anchor-free approach, predicting the center of the
object rather than relying on the difference from a predefined anchor box. This approach
enhances the effectiveness of the subsequent post-processing step, called Non-Maximal
Suppression (NMS). YOLOv8 is highly regarded for its speed, accuracy, and ease of use,
making it the preferred choice for many applications in the field of computer vision. The
output of YOLOv8 Object Detection is a set of bounding boxes surrounding objects in
the image, accompanied by class labels and confidence scores for each box.
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3.3.2 Machine learning model for classifying cell impedance sig-
nals

The electrical signals generated by the movement of cells across the sensor area were
collected, processed, and analyzed. The passage of cells causes time-dependent changes
in the output signal. Figure 3.11 illustrates the measured voltage change as a cell passes
through the electrodes. The inset images show the cell’s position at different locations
corresponding to specific points on the voltage trace. The signal recorded by shows bipolar
peaks, which result from the cell passing through both pairs of sensor electrodes. Positive
peaks occur when the cell moves through the first pair of electrodes, while negative peaks
are observed when it passes through the second pair. The baseline voltage, approximately
0.14 V, represents the offset voltage when no cell is present in the sensing region. This
offset voltage may be due to defects in electrode fabrication or limitations in the accuracy
of electronic components. The signal profile shows that the positive peaks have higher
amplitudes than the negative peaks. The maximum voltage deviation from the baseline
measured is approximately 1.4 V for positive peaks and 1.7 V for negative peaks. This
amplitude difference is likely due to hydrodynamic forces acting on the cell as it passes
through the electrode region, which may affect its relative vertical position within the
microfluidic channel.

Figure 3.11: Changes in the output signal as the cell passes through the counting region;
the insets in the graph indicate the cell’s position corresponding to the output voltage at
each point
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Segmenting cell signals from data In the discrete time-series signal array collected
from the microfluidic device, segmenting and classifying cell signals is essential to distin-
guish them from noise. In previous studies, cell counting was performed by evaluating the
amplitude of positive peaks relative to a fixed threshold. However, this method has sig-
nificant limitations when the data contains high-amplitude noise exceeding the predefined
threshold. Furthermore, the characteristic signal shape, including successive positive and
negative peaks (Figure 3.12), can be exploited as a distinctive feature to detect and count
cells passing through the electrode more accurately. For each cell signal in the collected
data array, key reference points are defined: Start Point (SP), End Point (EP), Positive
Peak (PP), and Negative Peak (NP).

Figure 3.12: Define the segments of cellular signals in the data array. Each signal is
characterized by a Start Point (SP), an End Point (EP), a Positive Peak (PP), and a
Negative Peak (NP)

To construct this 2D signal segmentation model, the following specific conditions are
established: The voltage values of SP and EP must be below the baseline (where the
baseline is defined as the signal when the voltage value is approximately 0), the heights of
PP and NP are required to be similar, and any waveform that deviates significantly from
the bipolar shape is classified as noise. This refinement method improves the accuracy
of cell detection and counting , while addressing the limitations of previous methods in
noisy environments.

The signal recognition and extraction process is conducted in two main steps. Positive
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peaks (PP) and negative peaks (NP) are identified using the find_peaks function (detect-
ing local maxima in signal data) from the scipy library, specifically designed to detect
peaks in signal data. Specifically, PPs are detected directly, while NP are determined by
reversing the sign of the input parameter in the method. After PP and NP are collected,
their number is reduced by removing identifiable noise peaks. The remaining PP and
NP are then balanced in number and paired accordingly. These PP-NP pairs define the
Start Point (SP) and End Point (EP) of the signal.The SP is determined by tracing back
from the position of the PP until the downward trend of the voltage ends. Similarly, the
EP is located by tracing forward from the NP until the upward trend ends. Finally, all
data points from SP to EP are grouped into a vector, and this process is repeated until
no more PP-NP pairs remain. Figure 3.13 illustrates the complete process of cell signal
segmentation. First, peaks are identified from the entire signal (Figure 3.13a), and then
the specific cell signal segments are extracted based on the identified start and end points
(Figure 3.13b).

Figure 3.13: Cell signal segmentation process: (a) Identifying peaks from the entire signal;
(b) Segmenting the cell signal

Feature description for machine learning models The preprocessing process filters
out signal segments with peak patterns similar to those generated by cells. However, the
segmentation model primarily removes background noise and measurement circuit noise.
In reality, cells are not the only entities passing through the electrodes and generating
such signal patterns. Specimens may also contain cell debris, cell clusters, dust particles,
or other impurities that can produce electrical signals with similar shapes. Despite this
overlap, each type of object in the sample exhibits distinct signal characteristics that can
be leveraged for further classification. Since most detected objects are cells, specific signal
features can be defined. Machine learning models can be applied to accurately determine
whether a given signal corresponds to a cell if it lies within a defined convergence region.
This method enhances the reliability of cell signal recognition while minimizing false
positives caused by non-cellular artifacts.

In this study, signal features were defined and evaluated using over 1,000,000 data
points collected from experiments.
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The main features include:

• Segment width: represents the distance between SP and EP and provides impor-
tant information about the duration of the signal in terms of time samples.

• SP-EP deviation: quantifies the voltage difference between SP and EP and serves
as another key indicator.

• Discrete signal segments are also analyzed for smoothness to ensure their validity.
Any anomalies or outliers causing a significant increase in the standard deviation
(SD) of the signal segment are not considered valid cell signals.

• Slope angles: calculated as left-slope for SP-to-PP, mid-slope for PP-to-NP, and
right-slope for NP-to-EP to capture the shape of the signal.

These features are described in Figure 3.14. Most signal cases filtered from raw data
exhibit similar patterns for the defined features.

Figure 3.14: The defined features include: segment width (the horizontal distance between
the Start Point and End Point); SP-EP deviation (the vertical distance between SP and
EP); Standard Deviation (SD) of the data points; left-slope, mid-slope, and right-slope
quantifying the slope angles of the peaks

Signal data generated as a cell passes through the electrode region provides valuable
insights into individual cell characteristics. The amplitudes of PP and NP reflect both
the relative height of the cell relative to the electrodes within the microfluidic channel
and its overall size. Smaller cells or cells positioned farther from the electrodes produce
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lower peak amplitudes, while larger cells or cells closer to the electrodes produce higher
peak amplitudes in both the positive and negative directions. Furthermore, the flow
velocity of the cells introduced into the microfluidic channel was maintained at a constant
level throughout the experiment. As a result, the velocity of the cells within the channel
remained nearly uniform. Signal width, defined as the time duration between SP and EP,
measures the relative size of the cells in the experimental sample.

Deploying machine learning models After defining and extracting relevant features
from the entire dataset, the data was applied to several widely used machine learning
classification models to compare and evaluate their performance. The data used for
training included two classes: the majority class, representing cases labeled as actual cell
signals, and the minority class, representing cases labeled as noise. This study proposes
two approaches for training machine learning models: one-class classification and binary
classification. For the one-class classification method, models such as Isolation Forest and
One-Class SVM are used to identify and isolate cell signal cases without explicitly relying
on noise labels. Conversely, the binary classification method uses widely used models,
including Decision Tree, Random Forest, Logistic Regression, Support Vector Classifier
(SVC), K-Neighbors Classifier, and Gradient Boosting Classifier, to distinguish between
cellular signals and noise cases. A comparative analysis of these two training strategies
evaluates their effectiveness in handling imbalanced datasets and improving the accuracy
of cell signal detection in microfluidic systems.

3.3.3 Machine learning model for cell counting in droplets

The method is based on the YOLOv5 object detection model. This is a deep learning
model used for object recognition in images and videos. YOLOv5 is an improved ver-
sion of YOLOv4. Version v5 is faster and more stable than previous versions and other
models. This model excels at detecting small objects with high density. With its high
customizability, YOLOv5 can be used to detect a wide range of objects in various fields.
The structure of YOLOv5 is divided into three parts: the Backbone network, the Neck
network, and the Head network (Figure 3.15). The input data, which is an image, will
pass through these three main components and produce a prediction result regarding the
location and type of objects detected by the model. The output will be a matrix contain-
ing vectors related to the center coordinates (x, y); the length and height of the object’s
bounding box (w, h); the accuracy probability of the prediction; and vectors related to the
object’s label. Depending on the configuration of the problem, the defined object classes
will be different. The backbone network is the core part of the model, using a CNN
(Convolutional Neural Network) to extract features from the input image. YOLOv5 uses
a special CNN called CSP (Cross-Stage Partial) to speed up training and improve accu-
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racy. The neck network is a part of the model that enhances object detection capabilities.
The neck network is used to combine features from the previous layers of the model and
create more complex features to make more accurate predictions about the location and
type of objects. More specifically, this part includes a series of convolutional layers and
some feature refinements to create features with greater depth. These features are then
fed into several detection layers to determine the location and type of objects, thereby
improving the model’s object detection capabilities. Next, the Head network searches
for regions of interest (ROIs) in the image using the anchor box algorithm to detect the
location of objects. Then, bounding boxes are predicted for objects in the image using a
subsequent CNN network. YOLOv5 uses a Siamese CNN network to predict bounding
boxes for objects and improve accuracy. The advantage of YOLO is its fast processing
speed, enabling real-time use while maintaining stable accuracy.

Figure 3.15: The structure of the YOLOv5 model in the problem

Two classes are defined in the problem: droplet and particle. Droplet detection can be
fully achieved using the image processing steps, but we want to label both droplets and
particles so that the model can learn the spatial correlation between these two objects,
namely that particles are always enclosed within droplets to avoid mistaking stains on
the channel walls for particles. Since the droplet size in a single frame is very small, the
captured video has a resolution of 1280 × 800, while each particle occupies only 4 × 4
pixels. Therefore, to enhance the features the model can learn and standardize the input
images for the YOLO model, an image processing procedure (Figure 3.16) is proposed
to accurately detect the location of droplets, crop the image to focus on the droplets
in the frame, and standardize the crop size so that all droplets appear in the center of
the acquired image. From the input video frame, the image is converted to grayscale and
blurred using the Gaussian Blur algorithm to reduce the brightness intensity of the channel
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walls and other small objects to facilitate the Canny edge detection process. Subsequently,
to connect any discrete elements of a droplet, morphological transformations are applied
to fill the droplet’s edges into a unified block. This makes it easy to find the contour
and bounding box of each droplet. A sample image size is created by surveying all the
maximum sizes of droplets that the channel can produce, which is 73 × 186 pixels. An
offset is applied so that all sample images have this size and the position of the droplet is
pushed to the center. The frame rate in the captured video is 30 fps (frames per second),
but frames that are too close together will not differ significantly, so the sampling rate
is reduced to ∼7 fps. This means that instead of capturing all frames appearing in the
training video, only one frame is captured every four frames to ensure differences in shape.
Thus, from the original 1-minute training video, 1076 images were obtained. These images
were divided into three sets: train, validate, and test, with ratios of 80%, 10%, and 10%,
respectively.

Figure 3.16: Image sampling process for droplets

To increase the number of samples for the deep learning model and avoid overfitting,
thereby improving detection efficiency, several basic data augmentation algorithms were
applied with specific effects as follows: Blurring: helps the model adapt better to small
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changes in sample resolution (a), adds noise (b), cutout: helps avoid misdetecting droplets
(c), and mosaic: helps detect droplets and particles even when partially missing (d)
(Figure 3.17). Data augmentation is only applied to the training set, forcing the model
to learn under more challenging conditions, while the validation and test sets are kept
as close to real-world conditions as possible for accurate evaluation. The results yielded
a total of 1576 images across all three datasets. Labeling the samples was performed
with the support of the Roboflow platform, a tool that helps with labeling, preprocessing,
and data enrichment. It also exports labeled files according to the YOLO model training
standard. Each image has a labeled file with the number of lines corresponding to the
number of objects in the image. Each line contains information about the object class and
the object’s position, standardized according to the image’s width and height dimensions.

Figure 3.17: Data augmentation methods: A, Blurring; B, Noise; C, Cutout; D, Mosaic

Figure 3.18 shows a complete process from the sampling stage to checking the number
of cells in each droplet. The labeled data (b) will be used to train the YOLOv5 model
(c). Training is performed on the Google Colaboration platform with the support of a
Tesla T4 16Gb GPU, PyTorch 1.13 + CUDA 116. Input images are normalized to a size
of 640 × 640, with a batch size of 16. Training is performed for 100 epochs, then stopped
and the weights with the highest accuracy are retrieved. The total training time was 2
hours. After training, the model’s weights were used to make predictions for reference
samples. A workspace with dimensions matching the image crop size of 73 × 186 was
fixed at the channel location where there was minimal dust. Drops passing through this
area are detected through image processing. Only when the drop is completely within the
workspace is the image extracted and fed into the model for inspection. This is because the
number of particles in the drop only fully appears on the workspace frame at that point.
Drops passing through the channel appear multiple times in consecutive frames. However,
since there is no difference between frames that are too close together, instead of taking

https://roboflow.com/
https://roboflow.com/
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them continuously, every 4 frames are sent for inspection. On average, a droplet passing
through the channel will be inspected 3-6 times. Each time will be a conclusion about
the number of particles, these numbers will be averaged and rounded to the threshold.
The rounded value will be taken at a threshold of 0.4, biased towards more droplets,
because detecting a droplet containing a particle requires a minimum of confusion, and
there are cases where particles stick to the channel wall and are very difficult to detect.
Therefore, as long as they appear in a few frames, the average value will tend to increase
towards a higher quantity. And this is their true quantity. The threshold value has been
investigated and shown to be effective.

Figure 3.18: Process for counting the number of particles in a droplet: A, Original video
frame; B, Data labeling; C, YOLO training; D, Test sampling; E, Sample content conclu-
sion

3.4 Conclusion

This chapter has presented the complete experimental implementation of the proposed
Lab-on-a-Chip platform, from material preparation and device fabrication to automated
signal acquisition and processing. Using standard soft lithography techniques with SU-8
masters and PDMS casting, the microfluidic modules for magnetic separation, inertial
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focusing, and droplet generation/sorting were successfully fabricated, bonded, and inter-
faced with the custom impedance electronics and optical imaging system. The resulting
LoC device provides a stable, reconfigurable platform capable of operating with real bio-
logical samples, enabling reproducible studies of bead–cell binding and single-cell electrical
characterization.

In parallel, an end-to-end signal processing and data analysis pipeline was developed to
transform raw images and impedance waveforms into quantitative, machine-readable de-
scriptors. Deep learning-based image analysis was implemented by integrating a YOLOv5
architecture for robust bead enumeration in static chambers and moving droplets, while
a One-Class Support Vector Machine (OC-SVM) model was employed to automatically
detect, validate, and classify impedance pulses corresponding to single-cell events. These
methodologies constitute core technical contributions of the dissertation and correspond
directly to the author’s publications [P1], [P2], [P3], [P4], [P5], and [P6].



Chapter 4

RESULTS AND DISCUSSION

4.1 Lab-on-Chip Fabrication Results

Figure 4.1 presents the results of the microfluidic chip following fabrication. The entire
microfluidic system was designed with overall dimensions of 75×25 mm and a microfluidic
channel height of 30 µm, ensuring a balance between flow capacity and cell flow control.
In the magnetic filtration region, the channel was configured as a parallel bend with
a channel width of 100 µm. The results demonstrate that the channel loops are clear
and uniform, facilitating flow redistribution and minimizing wall adhesion. Subsequently,
the channel gradually narrows through transition segments at the entrance to the cell
orientation region.

After passing through the narrow section at the exit of the mixing and cell flow adjust-
ment region (with a minimum width of only 30 µm), the single-cell stream moves under
the action of flow, passing successively through the impedance sensor region. The narrow-
ing width (30 µm) renders the channel cross-section approximately the size of a typical
cell, compelling the cells to move in a nearly single-file manner and minimizing the phe-
nomenon of overlapping or parallel movement of multiple cells in the measurement region.
This configuration is particularly significant for impedance-based cell counting modules,
as each recorded signal pulse corresponds almost exactly to a single cell, thereby substan-
tially improving the accuracy and resolution of the analysis. Downstream, the channel
widens again to 100 µm before the droplet formation region and to 300 µm in the clas-
sification region, where droplets are separated based on the principle of dielectrophoresis
(DEP) technology. Modifying the channel width in this T-shaped region facilitates mixing
with the oil phase in subsequent experimental sections.

88
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Figure 4.1: Results of the LoC chip after fabrication.

4.2 Modeling and Simulation Results

4.2.1 Modeling and Simulation Results of the Magnetic Sepa-
ration Structure

Figure 4.2 illustrates the magnetic field intensity generated by a 0.5 T magnet positioned 3
mm away from the channel cavity. The magnetic field intensity decreases as the distance
from the microchannel to the magnet increases. Within the internal structure of the
channel, the cavities closest to the magnet experience a relatively large magnetic field,
causing the particles to undergo maximum magnetic force. Consequently, cells attached
to magnetic particles in the vicinity of the magnet are effectively captured. The average
magnetic flux density at the capture region is estimated to be approximately 0.103 T,
generating magnetic forces of approximately 2.1 × 10−11 N, 2.7 × 10−11 N, and 3.0
× 10−11 N (directed toward the magnet) on magnetic bead (MB) particles with sizes
of 1.36 µm, 3.00 µm, and 4.50 µm, respectively. Conversely, the remaining regions in
the channel exhibit higher flow velocities, which enhance the transport of both sample
and non-target particles, as illustrated in Figure 4.2B. By leveraging the different flow
conditions within the channel, this optimized design improves the overall efficiency of
collecting and separating target cells from the mixed sample.

The low particle velocity in the chambers due to flow conditions also facilitates easier
magnetic capture of targets. Conversely, the remaining regions in the channel exhibit
higher flow velocities, enhancing the transport of sample and non-target particles, as
depicted in Figure 4.2B. By utilizing different flow conditions within the channel, this
optimized design improves the overall performance of capturing and separating target
cells from a mixed sample. Three particle types were simulated simultaneously in the
proposed structure, as shown in Figure 4.2C. The chambers are numbered from 1 to 10 in



CHAPTER 4. RESULTS AND DISCUSSION 90

the flow direction. Particle colors are represented based on particle diameter properties in
COMSOL software. The distribution of MB 4.50 µm cells (red dots) is concentrated in the
upstream chambers (1–6), while MB 3.00 µm cells (green dots) appear from compartment
1 to 9, and MB 1.36 µm cells (blue dots) are distributed throughout all compartments
(1–10). The distribution results indicate that cells containing larger MBs experience
greater forces and are therefore more likely to be trapped in the first compartments they
encounter. Conversely, for small particles (1.36 µm), the cells experience relatively modest
forces and are partially transported out through the exit due to drag forces.

Figure 4.2: Simulation results for MB cell particles: A) Magnetic field intensity distribu-
tion across the microchannel area, B) Particle velocity in the proposed microchannel is
low in the capture zone and high in the remaining zone, C) Magnetic flux density and
particle distribution in the microchannel.

These findings are consistent with the magnetic force acting on the particles, indicating
that even with changes in particle diameter and associated drag forces, magnetic force
remains the dominant factor influencing capture efficiency. The simulations conducted
in this study provide a fundamental theoretical framework that clarifies the operating
principles, serving as a basis for predicting and optimizing device performance prior to
conducting actual experiments.

4.2.2 Modeling and Simulation Results of the Impedance Sensor
Structure

Figure 4.3 illustrates the electric field distribution of the sensor structure, depicting the
electric field intensity both in the air region and the space between the excitation electrode
and the sensor electrode. The visual representation demonstrates the coverage range of
the electric field, indicating its presence and influence on the designated area within the



CHAPTER 4. RESULTS AND DISCUSSION 91

sensor structure. This comprehensive description facilitates understanding of the spatial
characteristics and range of the electric field, providing insights into how it interacts
with the surrounding environment and potential targets, such as biological cells in a fluid
stream.

Figure 4.3: Potential distribution.

The change in impedance ∆Z is calculated as the difference between the impedance
ZA obtained when the A549 cell passes through the sensor structure in an 8.6% sucrose
environment and the impedance ZB obtained when no A549 cell is present in the channel
with an 8.6% sucrose environment:

|∆Z| = |ZA − ZB| (4.1)

The signal obtained when the A549 cell passes through the impedance sensor region at
a stimulation frequency of 100 kHz in an 8.6% sucrose buffer solution exhibits a symmet-
rical pulse shape around the 0 µm position on both electrode structures. The change in
impedance due to the movement of A549 cells through the sensor region in the real part
is ∆R, also known as the change in resistance. The change in impedance in the imaginary
part ∆X is also known as the change in reactance.

From the above analysis, it can be concluded that the electrode structure with a
size and spacing of 15 µm provides a larger impedance signal, a more distinct pulse
amplitude, and a more compact sensing area, rendering it the optimal choice for the A549
cell counting module based on impedance in an 8.6% sucrose solution. This structure
not only significantly improves the sensitivity and reliability of the measurement but also
creates favorable conditions for the subsequent step of packaging single cells into droplets
in microfluidic modules.
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This simulation provides survey results on the impedance changes of the sensor un-
der specific frequency conditions, revealing significant changes in both resistance and
impedance parameters. Understanding these impedance variations, particularly in re-
sponse to simulated cell movement, contributes to a more comprehensive understanding of
sensor operation and supports design refinement for optimal performance. The observed
changes emphasize the sensor’s sensitivity to the presence of cells, further highlighting
the potential utility of this technology in applications requiring accurate cell detection in
microfluidic environments.

Figure 4.4 illustrates the electric potential distribution and field lines within the mi-
crofluidic channel, highlighting the influence of cells encapsulated in microdroplets on the
electric field. The presence of cells introduces localized inhomogeneities in the electric
potential, leading to a concentration of field lines around each cell. As the number of
encapsulated cells increases, the electric field becomes significantly distorted, with notice-
able changes observed in the field lines. These distortions reflect the complex interactions
between the electric field and biological cells, which play a critical role in achieving high
accuracy in impedance measurements. An important observation is the strong correlation
between the position of cells within the droplet and the peaks in the impedance signal.
This underscores the necessity of accounting for both the number and spatial arrangement
of cells within the droplet, as these factors directly influence the efficiency of impedance-
based detection systems. The presence of high-conductivity objects, such as cells with
cytoplasmic conductivity of 0.5 S/m, significantly reduces the average conductivity of
droplets compared to empty droplets.

Figure 4.4: The electric potential and electric field line distribution according to the
droplet with: (a) no encapsulated cell; (b) 1 encapsulated cell; (c) 2 encapsulated cells;
(d) 3 encapsulated cells

However, since the conductivity of the buffer solution is typically higher than that
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of the cytoplasm, encapsulated cells are often short-circuited by the surrounding solu-
tion, rendering detection through impedance analysis more challenging. Additionally, the
permeability of the cell membrane facilitates ion exchange between the high-conductivity
cytoplasm and the low-conductivity aqueous buffer, further complicating the detection of
encapsulated cells. In the case of multiple encapsulated cells, the average conductivity of
the droplet increases, and the effective electrical detection volume becomes larger. This
results in a reduced serial resistance between the cells and the electrodes, producing a
more pronounced impedance signal. Optimizing system parameters to enhance sensitiv-
ity in detecting encapsulated cells within droplets is therefore essential. To achieve high
efficiency in classifying the number of cells within microdroplets, factors influencing the
electrical properties of cell-encapsulated droplets, including the buffer solution, electrode
spacing, and excitation frequency, were simulated and investigated.

Figure 4.5: Comparison between different solutions when droplets at the center of the
sensing region with different cell numbers at 500 kHz.

Various buffer solutions were examined to evaluate impedance changes at a frequency
of 500 kHz in microdroplets containing different numbers of encapsulated cells. The in-
vestigated buffers included 8.6% Sucrose, LC buffer, PBS 0.1X, and PBS 1X, as shown
in Figure 4.5. Each buffer possesses distinct properties that render it suitable for spe-
cific applications in microfluidic research and impedance-based cellular analysis. Sucrose
8.6% features low conductivity and is ideal for stabilizing microdroplets. LC buffer of-
fers moderate conductivity and helps reduce noise while optimizing signal quality. PBS
1X simulates physiological conditions with high conductivity. PBS 0.1X, as a diluted
variant, enhances sensitivity in measurements. The results demonstrated a progressive
increase in impedance change with higher buffer conductivity, from Sucrose 8.6% to PBS
1X. Droplets containing more cells exhibited significantly larger impedance changes.
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Figure 4.6: The impedance change depends on the distance between the two electrodes.

The distance between electrodes in biomedical impedance sensor experiments signifi-
cantly impacts impedance measurements, as it directly influences the system’s sensitivity
and the interaction between the electric field and the sample. When the electrode distance
is too small, the electric field becomes more concentrated, enhancing sensitivity to subtle
changes in the electrical properties of the droplet or cell. However, excessively small dis-
tances may lead to signal saturation or localized noise, reducing measurement accuracy.
Conversely, when the electrode distance is too large, the electric field intensity diminishes,
resulting in decreased system sensitivity. In such cases, the measured signal may weaken,
rendering it challenging to detect impedance changes caused by the sample. Additionally,
a larger distance can lead to uneven electric field distribution, compromising the stability
of the system. Optimizing the electrode spacing is therefore essential to achieve a balance
between sensitivity, signal strength, and field uniformity, ensuring precise and reliable
impedance measurements.

In this study, the electrode spacing was investigated under varying cell counts within
droplets to determine the optimal distance for droplet classification (Figure 4.6). The
analysis included four cases: droplets with no cells and those containing one, two, and
three cells. As the electrode spacing increased from 20 µm to 40 µm, the impedance change
progressively increased across all configurations, reaching its maximum at a spacing of 40
µm. However, further increasing the spacing to 80 µm led to a significant decrease in
impedance change. These results indicate that electrode spacing plays a critical role
in the impedance response, with an optimal spacing of 40 µm providing the highest
sensitivity. Additionally, droplets with higher cell counts consistently exhibited greater
impedance changes at all electrode spacings, highlighting the influence of cell quantity on
the electrical properties of the system.

The data presented in Figure 4.7 illustrate the impedance profiles of droplets contain-
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Figure 4.7: The impedance change with 8.6% Sucrose Solution at (a) 100 kHz; (b) 500
kHz; (c) 1.5 MHz; (d) 2.5 MHz
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ing varying cell counts in an 8.6% Sucrose solution across four distinct frequencies: 100
kHz, 500 kHz, 1.5 MHz, and 2.5 MHz. At 100 kHz, the impedance profiles exhibit dis-
tinct and sharp peaks, with the maximum impedance change for droplets containing three
cells reaching approximately 360 MΩ, compared to approximately 355 MΩ for droplets
without cells. Although the absolute impedance values are high, the differences between
droplets with varying cell numbers remain relatively small. At 500 kHz (Figure 4.7b), the
overall peak amplitude decreases, yet the difference between droplets with and without
cells becomes more pronounced. This indicates that, despite the smaller absolute peaks,
the contrast at 500 kHz provides better discrimination between droplets containing differ-
ent numbers of cells. At higher frequencies, such as 1.5 MHz and 2.5 MHz (Figures 4.7c
and 4.7d), the impedance profiles converge significantly. For instance, at 1.5 MHz, the
maximum impedance change for droplets with three cells decreases to approximately 25
MΩ, and the differences between profiles for varying cell counts become less distinct.
By 2.5 MHz, the profiles are even closer, with a maximum impedance change of approxi-
mately 20 MΩ for three-cell droplets and minimal variation between profiles corresponding
to different cell numbers. This behavior highlights the trade-off between sensitivity and
operational frequency. Lower frequencies, such as 500 kHz, offer greater differentiation
and precise cell detection but may involve slower signal acquisition and higher variability.
In contrast, higher frequencies reduce sensitivity but enable faster data acquisition and
improved stability.

4.2.3 Modeling and Simulation Results of Droplet Separation
Structure

The simulation results illustrate the droplet separation phenomenon resulting from the
complex interaction between the electric field and the droplet’s dynamic behavior in the
microchannel environment (Figure 4.8). The electric field is represented by a color map,
demonstrating the intensity of the electric field around the deformed droplet and clarifying
the droplet’s polarization in the electric field. These representations highlight regions of
high and low potential, contributing to the elongation and deformation of the droplet.
Time-series images of the deformation and separation process at different time intervals
illustrate the progression from the initial state, through the elongation phase, to complete
droplet separation.

The droplet separation phenomenon was also calculated through simulations to inves-
tigate the ratio of droplets formed. First, simulations were performed to calculate the
changes in the droplet object inside the channel under the pressure of the electric field
over time. The time parameter input into the simulation ranged from 0 to 110 ms, with
the interval between each calculation set at 5 ms to ensure the accuracy and detail of the
simulation results. This approach enabled the research team to analyze the phenomena
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Figure 4.8: Simulation results of the electrostatic force controlling the droplet’s trajectory.

inside the channel in greater depth.

Figure 4.9: Simulation results describing the potential and dynamic behavior of a droplet
in a DC electric field.

The simulation results (Figure 4.9) illustrate the droplet separation phenomenon re-
sulting from the complex interaction between the electric field and the droplet’s dynamic
behavior in the microchannel environment. The potential is represented by a color map,
demonstrating the intensity of the electric field around the deformed droplet and high-
lighting the droplet’s polarization in the electric field. These representations indicate
regions of high and low potential, contributing to the elongation and deformation of the
droplet. The potential used in the simulation is 1300 V, a level sufficient to generate the
electric force required to split the droplet into two smaller droplets. Time-lapse images
of the droplet deformation and splitting process at different time intervals illustrate the
droplet’s states from the initial stage, through the stretching phase, to the point where
it completely splits into two droplets. The image sequence demonstrates the electrostatic
force, governed by the Maxwell stress tensor, acting on the droplet, causing it to stretch
and ultimately split.

In the images at 30, 45, and 60 ms, the droplet gradually deforms more strongly
over time as it approaches the region of strong electric field. The increase in droplet
deformation can be explained by the increase in capillary electric force (Equation 15).
This number is always maintained below the threshold that could cause droplet instability
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(e.g., the Quincke phenomenon) or droplet breakup (the droplet breaks into many small,
uncontrollable droplets). At 75 ms, the narrow region in the middle of the droplet is
subjected to electric forces and viscous shear forces, causing the narrow region to shorten.
When the external force exceeds the surface tension, the droplet is no longer in a stable
deformed state and will split into two droplets, with the two ends separating. Finally, at
100 ms, the two droplets have been successfully separated under the action of the electric
field. The simulation results demonstrate that the microchannel structure for droplet
separation can be implemented in a practical system.

The diameter of the two droplets depends on the volume of liquid in the spatial region
with coordinates defined by xsc, which represents the separation region between the two
droplets. The volume of the droplet is calculated by integrating the level-set function
(ϕls) with a value greater than 0.5. The formula for calculating the droplet diameter is
as follows:

dfirst droplet = 2 ×
((∫ 1

0
(ϕls > 0.5) × (x > xsc[mm])

)
× 3

4π

) 1
3

(4.2)

dsecond droplet = 2 ×
((∫ 1

0
(ϕls > 0.5) × (x < xsc[mm])

)
× 3

4π

) 1
3

(4.3)

In the simulation case of Figure 4.10 , the ratio between the two droplets is approx-
imately 0.4. The simulations show that using a single voltage value for the three elec-
trodes cannot produce two droplets of equal size. When the applied voltage to the three
electrodes exceeds 2000 V, the simulation results also show the phenomenon of droplets
sticking to the bottom of the channel due to excessive electrostatic force and DEP force.
This significantly reduces the effectiveness of controlling the droplet inside the microchan-
nel. Furthermore, in practice, applying too strong a voltage to the electrodes will affect
the object inside the droplet and the durability of the electrodes used.

To better control the size ratio of the two droplets, the research team changed the input
voltage parameters to two values: VS is the voltage applied to the two small electrodes,
and VL is the voltage applied to the large electrode. VL was kept constant at 1300 V,
and the VS parameter was varied from 600 V to 1560 V. Investigating these voltage ratios
on the simulation system helped determine the necessary voltage ratio for the actual
system. The calculations were performed and the results obtained are as follows and the
corresponding images of the droplets are also shown. At low V(S)/V(L)ratios, the sizes of
the two droplets are quite similar, with a ratio above 0.6. In these cases, the two electric
forces acting on the polarized half-droplet are not too strong and cause the narrow region
of the droplet to be most strongly affected by the viscous shear force near the center of the
droplet. This causes the two separated droplets to have equal ratios. Notably, at a voltage
ratio of 0.55, the size similarity of the two droplets is highest, with a ratio exceeding 0.9.

We can see that with a low voltage ratio between VSand VL, the ability to separate
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Figure 4.10: Simulation results of the ratio of droplets formed with different voltage ratios
applied to the electrodes.

droplets evenly is higher; however, with an excessively low ratio, the two electric forces
are not strong enough to separate the droplets. When VS is too low, the polarization on
the droplet decreases, making the droplet less affected by the electric force, and at that
point, the droplet separation capability of the system is not guaranteed. As the voltage
ratio increases, the ratio of the two droplets gradually decreases below 0.6. The electric
force is stronger at higher voltage ratios, causing the droplet to stretch unevenly and the
strongly polarized half to deviate more than the other half. In fact, at a voltage ratio of
0.7, the separated droplet has a ratio below 0.2, and the volume of the original droplet
remains almost unchanged. At other voltage ratios, the separation of the two droplets
is uneven, and the ratio ranges from 0.3 to 0.6. These simulation results will help the
research team optimize the voltage used in the actual system according to the desired
droplet ratio. These ratios will be used in experiments to demonstrate the effectiveness
of droplet control in microdroplet separation systems using non-uniform electric fields.

The simulation results in this study provide a deeper understanding of EHD phenom-
ena in droplet separation techniques using an uneven electric field. The Navier-Stokes
equation, Maxwell stress tensor, and parameters calculated in the simulation model pro-
vide a solid theoretical basis to help the research team control the internal factors in
droplet separation techniques. Concurrently, these results also provide information on
the influence of parameters such as the voltage ratio between electrodes on the droplet
separation process and the degree of droplet deformation at different potentials. The
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simulation results also indicate that there is an optimal voltage limit for the droplet sep-
aration process, where the droplets can be controlled with the most uniform size ratio.
These results not only provide a clear understanding of the physical mechanism behind
the EHD phenomenon in droplet separation but also open up the possibility of optimizing
droplet separation systems in practice, particularly in applications requiring droplet size
uniformity such as in microfluidics research and biological and medical applications.

4.3 Experimental results and signal processing ma-
chine learning models

4.3.1 Magnetic separation results

Results of magnetic particle binding to lung cancer cells

The results of the incubation and binding of immunomagnetic beads (IMBs) to the surface
of A549 cancer cells are presented in Figure 4.11. The use of a combination of different
imaging modes is an important methodology, with each mode providing a distinct layer of
information. Brightfield imaging allows confirmation of the physical presence and distri-
bution of non-fluorescent magnetic particles; fluorescence imaging helps accurately locate
labeled living cells and confirm their identity; while integration imaging plays a crucial role
by superimposing the two information channels, providing indisputable visual evidence of
co-localization between magnetic particles and cells, thereby confirming a successful bind-
ing. This multi-channel method allows for accurate identification of objects even under
complex conditions such as cell clumping or rupture. Through visual observation, cells in
all three test samples with different particle sizes showed effective binding with magnetic
particles, with no cases of target cells failing to bind. At 40x magnification, confirming
the presence of magnetic particles became straightforward, particularly for particles sized
3.00 µm and 4.50 µm, facilitating subsequent quantification.

Morphological analysis of the 2D images showed that the cells were nearly round,
and the distribution of magnetic particles tended to depend significantly on size. For
larger particles (3.00 µm and 4.50 µm), they mainly concentrated and adhered to the
outer edge of the cell membrane. This phenomenon can be explained by physical and
biological factors, including steric hindrance, which makes it difficult for large particles
to access recessed areas on the cell surface, and the possibility that receptors on the cell
membrane are unevenly distributed, concentrating more in areas with greater curvature.
Although some particles penetrate into the central region of the cytoplasm on a few cells,
distribution at the periphery remains clearly dominant. Conversely, particles of smaller
size (1.36 µm) were observed to be distributed across the entire cell surface. This may be
due to their higher surface area-to-volume ratio, allowing interaction with more binding
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Figure 4.11: Results of magnetic particle-A549 cell binding with different particle sizes
(1.36 µm, 3.0 µm, 4.5 µm).

sites, while stronger Brownian motion facilitates their diffusion and access to different
regions of the cell membrane. However, there still appears to be a tendency for greater
concentration in peripheral regions, evidenced by the fact that in cases where cells bind
to only a small number of particles, these particles mainly accumulate at the outer edges
rather than at the center, suggesting that initial binding is likely to occur at the periphery.

To quantify the degree of particle coverage on the cell surface—a key parameter re-
flecting the potential to generate sufficient magnetic force for separation—a coverage ratio
index was calculated. This parameter was determined by the ratio of the total surface
area occupied by magnetic particles to the total surface area of the cell under investiga-
tion. A diverse set of individual cell samples (approximately 100 samples per type) was
analyzed to ensure the statistical reliability of the results. Due to the large number and
dense distribution of 1.36 µm particles attached to a single cell, manual counting became
impractical and inaccurate. Therefore, a Machine learning model was developed as an
automation tool to assist in area calculations. Specifically, image thresholding based on
pixel intensity differences was applied to create a binary mask, which removed the back-
ground and cell structure, leaving only the image region corresponding to the magnetic
particles for analysis. The area of the region of interest was then determined using the
analyzed particle function. Image size synchronization was also performed to ensure that
area measurements were accurate and comparable between samples.

Results of magnetic beads-cells binding evaluation using Machine learning

The average accuracy of both the Object Detection and Segmentation models for both
types of beads is high, demonstrating the effectiveness of the models when applied to cells
and beads. With the input image size after detection normalized to 640×640 pixels, the
YOLOv8 segmentation model performed well with a mAP@0.5 of 99.5% for both classes.
Segmentation results for the two object types are presented with annotations indicating
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the corresponding class for each color: pink pixels represent the Cells class, while red
pixels represent the Beads class. Figure 4.12 (A) shows the segmentation image of cancer
cells attached to 3.0 µm MBs, and Figure 4.12 (B) shows the segmentation image of cancer
cells attached to 4.5 µm MBs. Overall, the segmentation model accurately segments both
cells labeled with 3.0 µm MBs and cells labeled with 4.5 µm MBs, without misclassifying
beads as cells or missing cells at the image edges.

Figure 4.12: Yolov8 segmentation prediction. (A) Segmentation model with 3.0 µm MB,
(B) Segmentation model with 4.5 µm MB.

The dataset prepared for training included 146 images of 4.5 µm Cell-Beads and 155
images of 3.0 µm Cell-Beads, captured using a microscope with a resolution of 1280×1280
pixels (Table 4.1). These images were manually labeled and underwent multiple data
augmentation techniques before being fed into the YOLOv8 object detection model. After
labeling, the total number of cells in the 4.5 µm Cell-Beads dataset was 1,885 and in the
3.0 µm Cell-Beads dataset was 2,197. Each image could contain a minimum of 2 cells and
a maximum of 30 cells.

Table 4.1: Statistics on the amount of raw data collected

Sample Type
Number of

images
Total number of

cells

Cells - particles from 4.5 µm 146 1,885
Cells - particles from 3.0 µm 155 2,197

To evaluate the algorithm’s performance, two metrics—Intersection over Union (IoU)



CHAPTER 4. RESULTS AND DISCUSSION 103

and mean Average Precision (mAP)—are used. The IoU metric measures the degree of
overlap between the bounding box predicted by the model and the bounding box of the
ground truth data, while mAP evaluates the overall accuracy of the model by estimating
the area under the precision–recall curve. Based on the IoU metric, it is possible to
determine the degree of similarity between two objects—the actual location of the object
and the location predicted by the model—thereby selecting a threshold to decide whether
a bounding box is accurate or not, while also determining the values of TP (True Positive),
FP (False Positive), FN (False Negative), and TN (True Negative) values in the model’s
classification matrix. The Precision value is then calculated as TP/(TP+FP), and the
Recall value is calculated as TP/(TP+FN).

Figure 4.13: The confusion matrix of the Object Detection model for the two particle
types shows excellent model performance. For the 4.5 µm particle, the model achieves a
True Positive (TP) rate of 0.975, a False Positive (FP) rate of 0.025, and a True Negative
(TN) rate of 1. For the 3.0 µm particles, the model achieved a True Positive (TP) rate
of 0.974, a False Positive (FP) rate of 0.026, and a True Negative (TN) rate of 1. These
results show that both models work effectively in accurately identifying cases with cells
and do not miss any cell objects.

Since the coverage of cells by the two types of microparticles of different sizes is
relatively similar, the two cell detection models—one for 3.0 µm MBs and one for 4.5 µm
MBs—show nearly equivalent accuracy. However, the error matrix of the detection model
for cells with 4.5 µm MBs shows slightly higher accuracy. This difference stems from the
fact that 4.5 µm MBs are larger and, when attached to cells, cause less interference and
cover the cell edges less than the 3.0 µm type. Therefore, the model for 4.5 µm MBs
yields a slightly more accurate confusion matrix (Figure 4.13). Detailed information on
mAP, Precision, and Recall for both MB types is presented in Table 4.2.
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Table 4.2: Performance statistics table

Model Precision Recall mAP@0.5

Object detection – 3.0 µm MBs 0.96 0.978 0.987
Object detection – 4.5 µm MBs 0.932 0.964 0.985
Segmentation – 3.0 µm MBs 0.981 0.936 0.98
Segmentation – 4.5 µm MBs 0.981 0.992 0.995

Table 4.2 details the highest average accuracy along with the precision and recall met-
rics of the model. For the Segmentation task, the model’s performance when processing
4.5 µm MBs is higher than that of 3.0 µm MBs. The size ratio between beads and cancer
cells plays an important role in adjusting the resolution for both cells and beads. There-
fore, the edges of 4.5 µm MBs, which are closer in size to cells, become sharper, leading
to higher accuracy of the segmentation model for cells attached to 4.5 µm MBs.

Coverage performance is illustrated through statistical plots in Figure 4.14. The x-
axis represents coverage area in pixels, ranging from 0 to 150,000 pixels, while the y-
axis represents the corresponding number of cells covered by MBs. The plots show the
distribution of coverage results along the x-axis. The appearance of average values in
certain regions indicates a trend toward concentration, but the large standard deviation
reflects significant variability in the data. This observation shows that the degree of MBs
binding varies markedly between cells: some cells bind few MBs, while others bind larger
quantities. 4.16 C provides a visual comparison between the two types of MBs, showing
their concentration levels and coverage efficiency. It should be noted that factors such
as the aptamer density on the MBs and the surface properties of both the MBs and
the cells can influence their interactions. However, an important factor explaining the
difference in binding ability between beads of different sizes is the surface-area-to-volume
ratio (SA/V). Since MBs are spherical particles, their SA/V is inversely proportional to
their radius. Theoretically, smaller beads will have a higher SA/V value, meaning more
binding sites on cell surface receptors. Therefore, small beads typically exhibit higher
binding efficiency than large beads, which is consistent with the results obtained in the
study.

Magnetic separation results in microfluidic channel structures

To investigate the actual capture efficiency of cell-magnetic particle complexes, a separa-
tion experiment was conducted. A mixture of target cells A549 (labeled with magnetic
particles and stained green with calcein green AM) and reference cells MRC-5 (unlabeled,
stained red) was introduced into the microchannel system. The experimental results are
presented in Figure 4.15. The green fluorescent signal in the trapping cavities confirms
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Figure 4.14: The binding efficiency of MBs during A549 cell recognition, represented
as statistical graphs through the distribution of percentage coverage area values. (A)
Distribution of the area of 3.0 µm MBs adhering to each cell. (B) Distribution of the
area of 4.5 µm MBs adhering to each cell. (C) Gaussian curve illustrating the probability
distribution of MBs in both cases.

the successful capture of A549 cells. These cells were mainly retained in the first trapping
cavities and gradually decreased in number in the subsequent cavities. This is a typical
kinetic model, consistent with the sequential filling mechanism: the trapping sites with
the highest affinity (where the magnetic field gradient is strongest) will be filled first, and
the cells arriving later will be captured at the subsequent sites. The specificity of the
aptamer–cell binding process is confirmed by the absence of MRC-5 cells (red dots) in the
capture region, demonstrating that magnetic force is the dominant mechanism governing
this process.

A notable counterintuitive observation is that the total number of cells trapped is
higher when using smaller magnetic particles, which seems to contradict simulation results
(which typically predict stronger magnetic forces for larger particles). However, this
contradiction is convincingly explained by the deposition of large complexes at the inlet
of the microchannel. Due to the significant size difference between the sample tube and
the microfluidic channel, a dead volume is formed, creating resistance and vortex flow. In
this region of low flow velocity, the balance of forces is altered. Gravitational force, which
is proportional to the mass (and thus size) of the complex, becomes dominant over the
drag force of the flow. As a result, larger (and thus heavier) cell–MB complexes settle
and accumulate at the inlet, unable to enter the separation zone efficiently.

To provide a more comprehensive and accurate view, capture efficiency is broken down
into three indices: overall capture, accumulation rate at the inlet, and effective capture.
This approach allows for the isolation and quantification of different factors affecting the
final result. The results show that as particle size increases, overall capture efficiency
decreases (73.4% for 1.36 µm particles, 60.1% for 3.00 µm particles, and 50.5% for 4.50
µm particles). This trend is due to a sharp increase in the accumulation rate at the inlet
(5.4%, 26.7%, and 42.9%, respectively). Conversely, the effective capture efficiency—an
index reflecting the actual capture capability within the channel—increased gradually with
particle size (77.6%, 82.0%, and 88.4%, respectively), fully consistent with the prediction
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Figure 4.15: Results of A549 cells (stained green) being captured in the microfluidic
channel.
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of stronger magnetic forces on larger particles. This analysis emphasizes that ignoring
hydrodynamic factors at the inlet can lead to misleading conclusions.

To assess purity, another experiment was conducted with a mixture of A549 and
HeLa cells. Results in Table 4.3 show that the average purity across all 10 channel
cycles reached approximately 99.1%. This extremely high purity has significant practical
implications, particularly in diagnostic applications requiring nearly contamination-free
samples, such as genetic analysis or proteomics of circulating tumor cells (CTCs). Further
experiments investigated the effect of magnetic particle concentration (corresponding to
particle solution volumes of 3 µl, 5 µl, and 10 µl). The results revealed a delicate trade-off:
too few magnetic particles (3 µl) led to low efficiency due to insufficient binding, while
too many particles (10 µl) could cause free magnetic particle accumulation, saturating the
initial trap sites and potentially reducing efficiency over time. These results emphasize
that optimizing both magnetic particle concentration and microchannel geometry design
is crucial for achieving the highest separation efficiency.

Table 4.3: Cell coverage in the microchannel and purity
of the filtration system

Channel loop
A549 coverage

(Pixel) Hela coverage (Pixel) Purity (%)

1 32320 569 98.27
2 16,685 135 99.2
3 61,519 1359 97.84
4 63,515 375 99.41
5 38,157 64 99.83
6 53,370 148 99.72
7 63,300 939 98.54
8 43,565 171 99.61
9 56,071 788 98.61
10 54,494 55 99.90

On average across all 10 channels, the system achieved a purity of approximately
99.1%. This indicates that the system is capable of removing nearly all non-magnetically
labeled HeLa cells while effectively retaining the target A549 population. The stability
of the results across multiple channels demonstrates the repeatability and reliability of
the method. Thus, by fluorescent staining and quantitative analysis using ImageJ, it can
be confirmed that the capture process occurs almost exclusively for A549 cells that have
attached magnetic particles. This retention mechanism is entirely due to the magnetic
force of the external magnet acting on the magnetic particles attached to the cells, rather
than random interactions or mechanical adhesion within the microchannel.
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Figure 4.16: Purity distribution at the channel loops.

The performance of the small structures inside the microchannel was also evaluated
over time using UV imaging quantification. UV images of 10 structures were captured
after the solution entered the channel for 45 minutes. The separation efficiency of each
structure in order from one to ten was recorded and shown in Figure 4.16. The results
showed that after 45 minutes, the fourth channel structure had the highest separation
efficiency across the entire microchannel with a value above 6%. This is explained by
the fact that A549 cells and free magnetic particles retained in the first three channel
structures completely filled the space in the microchannel, and subsequent cells were
retained in the subsequent channel structures. Consequently, the separation efficiency of
channel structures 4 to 6 was higher than that of the first three channels. Concurrently,
the free magnetic particles retained in the first three channels caused the separation
efficiency of the channel to decrease significantly compared to the first 15 minutes, with
the separation efficiency of the first three channel structures at approximately 5% and
at 45 minutes, the efficiency was approximately 4%. In the rear channel structures, the
separation efficiency remained stable at around 4%, except for channel 9 at 4.8%.

The research team continued to investigate the separation efficiency of solutions con-
taining A549 cells bound to different amounts of magnetic particle solution. A549 cells
were bound to 5 µl of magnetic particle solution and 3 µl of magnetic particle solution
to investigate the effect of the number of magnetic particles in the solution on the sepa-
ration efficiency in each microchannel structure. The results of the magnetic separation
experiment after 45 minutes are shown in Figure 4.17. The separation efficiency of the
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A549 cell sample bound with 5 µl of magnetic particle solution was superior to that of
the sample using 3 µl.

Figure 4.17: Magnetic separation results at the small separation channel structures of the
two samples using 5 µl and 3 µl of magnetic particle solution.

The separation efficiency of the sample using 3 µl of magnetic particle solution was
very low across all 10 channel structures. This result indicates that the ability to attach
magnetic particles to A549 cells is ineffective when using a small amount of magnetic
particle solution, as only a small number of cells are retained by the magnetic force of the
magnet. In contrast, the sample using 5 µl of magnetic particle solution showed signifi-
cantly higher separation efficiency, with separation efficiency exceeding 4% across all 10
channel structures, particularly in the final channel structure, where separation efficiency
reached nearly 7%. The first channel structures had a higher average efficiency than the
other channels in this sample, with separation efficiency gradually decreasing down to the
ninth channel structure. These results indicate that with a small amount of magnetic par-
ticle solution, the channel structure does not affect separation efficiency. In the remaining
two solution samples, the first channel structures had the highest filtration efficiency ini-
tially and gradually decreased over time due to the accumulation of free magnetic particles
inside the microchannels. After 45 minutes, the efficiency of the subsequent channel struc-
tures gradually increased because cells not retained in the first channel structures were
retained in the subsequent structures of the microchannels. The sample solution using
5 µl of magnetic particle solution was more effective because it had fewer free magnetic
particles than the sample using 10 µl. It can be seen that the separation efficiency in the
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first channel structures is higher than in the channels in the latter half, except for the last
channel. The results confirm that the volume of the magnetic particle solution is a deter-
mining factor in the efficiency of cell separation in the microfluidic system. Furthermore,
microfluidic channel structures play a role in coordinating flow and cell retention regions,
where the rational distribution of separation channels can contribute to optimizing the
overall performance of the system. These results lay the foundation for optimizing the
amount of magnetic particles used and channel geometry design to improve the accuracy
and efficiency of separation systems in biological and precision medicine applications.

4.3.2 Cell encapsulation in droplets and cell counting results

Cell encapsulation results in droplets

Figure 4.18 shows the droplet formation process, indicating that droplets were success-
fully formed according to the Reynolds number. By using droplet displacement to track
droplets in consecutive frames, the results show that the pumping speed of the two vari-
able channels affects the droplet velocity in the output channel. Simultaneously, particle
size and packing ability also change. Here, droplet velocity is converted to pixels/s, and
droplet size is calculated based on the perimeter of the droplet boundary, which is the
total distance between the pixels forming the boundary.

Figure 4.18: Results of droplet formation by the T-channel.

Figure 4.19 Statistics of 10 droplets tracked during the oil channel pumping speed
change. For each tracked droplet, information about its speed and size is recorded. It can
be seen that droplet Id10 has the smallest size of approximately 220 pixels and the highest
speed of approximately 260 pixels/s. Conversely, droplet Id1 has the largest size at 340
pixels but the smallest speed at approximately 165 pixels/s. In general, as the oil channel
speed increases, the speed of the droplets also increases and the droplet size decreases.
Additionally, when the velocities of both channels stabilize, the generated droplets also
stabilize. This demonstrates that droplet size is flexible according to the pumping speed
of both channels and can be fully utilized to achieve the desired size.

Monitoring with more droplets created, Figure 4.20 statistics on the number of cell
packed in each droplet. With 35 droplets used for statistics, 12 droplets, accounting for
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Figure 4.19: The sizes of the microdroplets created.

35%, packed a single cell. Most droplets have a size of 220-250 pixels, equivalent to the
droplet size range in droplet sample Id6 to droplet sample Id10. This is the basis for later
creating droplets with the highest probability of packaging a single cell.

Figure 4.20: Statistics on the number of cells packed with different droplet sizes.

Results of the machine learning model for cell counting in droplets

After creating droplets for cell encapsulation and adjusting their size, the detection model
was applied to the obtained dataset. In Figure 4.21, it can be seen that the model’s
detection accuracy is quite high, allowing a confidence threshold of up to 80% to be set
to eliminate false positives.

Based on the IoU (Intersection over Union) metric, which calculates the consistency
between two objects—the actual location of the object and the predicted location—a
threshold is selected to determine whether a given location accurately represents the
object. The metrics TP (True Positive), FP (False Positive), and FN (False Negative) are
defined. TP refers to cases where the predicted class and location match the actual label
and actual location. FP relates to the false alarm rate, meaning cases where the object’s
location is incorrectly detected or the location is correct but the class is misclassified. This
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Figure 4.21: Object detection results on several samples.

can be easily observed in cases where objects are detected where there is nothing or where
the class is misclassified. FN relates to the false negative rate, meaning positions where
objects exist but are not predicted. For object detection problems, TN is not evaluated
because this value is not meaningful in the assessment; it represents the number of cases
where nothing exists and the model does not predict anything. From these parameters,
we can establish the system’s error matrix as follows (Figure 4.22): .

Figure 4.22: Confusion matrix for object detection.

The matrix has been normalized over the total number of tested objects. The number
of tested objects for the droplet and particle classes is 500 and 600, respectively. The
model has only two classes, but the diagram includes an additional background object to
represent the FN parameter, which represents missed cases and is considered background.
Looking at the main diagonal, the TP parameter of the two objects is very high with
a detection accuracy rate of 100% for droplets. In addition, the accurate detection rate
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of particles is 98%, in which 2% of particles are missed. These are cases that cause
confusion when labeling because there is no clarity between having particles and not
having particles. The 100% value at positions 1 and 3 of the matrix indicates that 100%
of the mispredictions are mistaking particles for background, meaning cases where a region
of space is predicted to be a particle but nothing is present. Overall, the error matrix
shows that the model’s ability to detect objects with the two defined classes is quite good.

Figure 4.23: Precision-Recall curve of the YOLO model.

In the figure 4.23 shows the classification performance of the model at different thresh-
olds through two parameters: Precision and Recall, which are linked by different threshold
values.

precision = TP

TP + FP
(4.4)

recall = TP

TP + FN
(4.5)

Precision is a value related to accuracy based on the model’s predictions, and Recall
is accuracy based on the actual labels assigned initially. The sum of TP and FP is the
number of predictions the model makes for all samples submitted for testing. The sum
of TP and FN is the number of objects that actually exist in the test sample based on
labeling. Typically, we want both of these values to be high, but they are constrained by
the IoU (Intersection of Union) threshold parameter. If this value is high, the detected
regions must almost completely match the true label region of the object to be considered a
correct prediction of the location. This results in very few false detections, but sometimes
it discards parts that actually contain objects because the prediction confidence is not
high enough. Conversely, when this value is low, even a region with low confidence is
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considered to contain a real object, leading to many predictions and consequently many
false positives. Thus, the Precision and Recall curves help us choose an appropriate
threshold to balance both the accuracy of false positives and the false negative rate. The
threshold value decreases as Recall increases from 1 to 0. In the diagram Figure 4.23
shows that the classification performance of both object classes is very good, with an
average value of 98.3% at the threshold of 0.5. This is an acceptable value and can be
used in practice. The particle object studied has Precision and Recall values of 97.5% and
93.5%, respectively, at the 0.5 threshold. This value indicates excellent particle object
classification capability.

Figure 4.24: Some results of counting the number of particles in a droplet.

The final goal of droplet detection is to count how many particles are in the droplet. In
Figure 4.24, several results extracted from a 40-second test video demonstrate the model’s
excellent particle counting capability. The predicted particle count is for the droplet that
just passed through the working area. The system demonstrates real-time capability
with an average processing time of 35ms per frame. Based on statistics from 80 droplets
appearing in the video, there were 3 miscounted droplets. These cases involved particles
being hidden within the inner wall of the throughout the droplet’s passage through the
working position, the droplet’s appearance time in the working area being too brief, etc.
Thus, it can be concluded that the accuracy of particle counting reaches 96.25%.

However, despite the high accuracy achieved, relying on image-based analysis for cell
enumeration within droplets presents inherent limitations regarding system throughput.
The requirement for high-speed video recording, coupled with the computational load of
real-time algorithmic processing (35 ms per frame), creates a bottleneck that restricts the
maximum flow rate the system can handle effectively. Furthermore, optical methods re-
main susceptible to errors caused by focal plane deviations or visual occlusion. To address
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these constraints and facilitate high-throughput analysis, an alternative approach utiliz-
ing integrated impedance sensors is proposed. This technique enables the direct detection
and counting of cells encapsulated within droplets based on electrical conductivity dif-
ferences, offering a robust, label-free solution capable of operating at significantly higher
speeds without the latency associated with image processing.

4.3.3 Cell counting using impedance sensor results

Cell Detection and Counting

To address the processing speed bottlenecks and throughput constraints associated with
image-based analysis, the utilization of integrated impedance sensors is proposed as a
robust alternative. This approach allows for the direct and rapid detection of encapsulated
cells, independent of camera frame rates. Figure 4.25 illustrates a droplet passing through
the impedance sensor region, where the presence of a cell within the droplet alters the
local electrical properties, resulting in a measurable change in impedance. As the droplet
traverses the sensor area, the system captures these impedance variations, which are then
processed to identify and count individual cell events.

Figure 4.25: Droplet through the impedance sensor region.

To quantify the accuracy of the impedance measurement system, a multi-step data
processing and validation procedure is performed, starting with the acquisition of raw
signals. As illustrated in Figure 4.26, the physical system consists of electrodes and
conductive channels ( Figure 4.26.a) that acquire an initial electrical signal (raw data) via
a data acquisition (DAQ) system. This signal has an oscillating waveform and contains
a lot of noise ( Figure 4.26.b). To extract useful information, this raw signal is passed
through a band-pass filter. This filtering process removes unwanted carrier frequencies
and background noise , retaining only the characteristic spikes caused by cells passing
through the sensor region. The result is a clean filtered signal sequence, where each cell
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event is represented as a distinct pulse ( Figure 4.26.c). For verification and quantification,
these pulses are amplified and analyzed in detail ( Figure 4.26d). A peak detection
algorithm is applied to automatically identify and count the number of these signal pulses,
corresponding to the number of cells detected by the electronic system. The accuracy of
the system is then quantified by directly comparing this electronic count with a "ground
truth" standard. This standard is established by analyzing video segments recorded from
the microscope throughout the experiment, in which cells passing through the detection
region (SPOT) are counted manually.

Figure 4.26: (a) Cell counting system comprising electrodes and channel mold. (b) Raw
data collected by the DAQ system. (c) Data after bandpass filtering. (d) Filtered data
magnified.

In this experiment, the research team used a microchannel with a width of 30 µm
and a height of 30 µm to investigate and evaluate the cell counting capability of the inte-
grated circuit. A549 cell lines were passed through the microchannel, and the electronic
signals obtained from the circuit were processed using a digital filter and a peak detection
algorithm. The automatic counting results from the circuit were then compared with
the number of cells counted manually from the video recording of the sample pumping
process. The objective of the survey was to determine the degree of discrepancy between
the number of cells counted by the circuit and the actual data, thereby evaluating the
accuracy and reliability of the system. After the A549 cells pass through the detection
region in the microchannel, the electronic signal is received in the form of short-term
oscillations with a distinct amplitude change from the baseline. Essentially, as the cells
pass through, changes in the dielectric constant and impedance in the microchannel al-
ter the signal current, creating a characteristic electrical pulse. However, the raw signal
simultaneously contains many noise components, including thermal noise from the com-
ponents, noise from the external environment, and background oscillations due to the
buffer solution. For accurate processing and analysis, the raw signal is passed through
a high-order Butterworth digital filter. This filter is capable of removing high-frequency
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noise while preserving the characteristic waveform of the cell passage event. After filter-
ing, the signal becomes "cleaner," clearly showing the peaks or troughs associated with
each cell event. Figure 4.27 shows a magnified section of the signal between 10 and 10.4
seconds. A prominent electrical pulse with a large amplitude, exceeding the set detection
threshold, can be observed, indicating a cell passing through the microchannel.

Figure 4.27: Cell signal shape after filtering.

To assess the duration of an event, the research team analyzed the peak width at
half maximum amplitude (full width at half maximum – FWHM). Quantitative analysis
showed that the average amplitude of the acquired pulses was 0.0296, significantly higher
than the background fluctuation (~0.01), thereby achieving a sufficiently high signal-to-
noise ratio (SNR) for the circuit to clearly distinguish real events from noise. At the same
time, the average duration of an event (calculated as the pulse width at half maximum
amplitude – FWHM ) is 0.009912 seconds. This means that the system is capable of
detecting and processing approximately 1 / 0.009912 ≈ 101 events/second, corresponding
to more than 6000 cells per minute under stable operating conditions.

Notably, determining event timing not only quantifies counting speed but also pro-
vides indirect information about flow velocity and cell interaction with the microfluidic
channel. Small differences in pulse width may reflect changes in cell size or mechanical
properties, suggesting the system’s potential for not only counting but also analyzing cell
characteristics. Detailed analysis of the waveform at the single-event level shows that the
integrated circuit not only has high sensitivity and accuracy in detecting cells, but also
possesses real-time response capabilities sufficient to process continuous cell flow at high
speeds. This is an important basis for proving the system’s applicability in biological
research and diagnostics.

To investigate the system’s accuracy, the research team conducted surveys under var-
ious conditions when running A549 cells in microchannels, specifically as follows:

Study 1 – PBS 1x, 5 V, 300 kHz
In the first survey, signals were recorded under conditions of 1x PBS buffer solution,

5 V stimulation voltage, and 300 kHz frequency. Raw data was processed using a digital
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filter (Butterworth band-pass filter) to remove background noise and retain the signal
band containing information specific to the passing cells.

Figure 4.28 shows the signal after digital filtering, where the x-axis represents time (s)
and the y-axis represents signal amplitude. The blue line represents the filtered signal,
the yellow dashed line represents the baseline, and the two horizontal orange and green
lines correspond to the threshold values (baseline threshold and peak threshold). Signal
peaks exceeding the threshold are marked with red dots and numbered sequentially for
tracking.

The results show that the system detected 30 signal peaks (corresponding to 30 cell
passage events). When compared with the manual count from the video, the actual
number of cells observed was 32. Thus, the accuracy reached 93.75%.

Figure 4.28: Butterworth-filtered signal of A549 cells in microchannels under 5 V – 300
kHz conditions.

The discrepancy between the results can be explained by several factors:

• Low signal amplitude: Some signals have amplitudes smaller than the fixed thresh-
old, so they are not recorded. This is a common limitation when applying fixed
threshold algorithms, especially in cases of uneven signals.

• Local background noise: Observations show that some signal segments have large
background fluctuations, reducing the signal-to-noise ratio (SNR). These fluctua-
tions can mask or distort the amplitude of some small pulses, causing the circuit to
miss events.

• Manual counting errors: When analyzing video, some cells move quickly or overlap,
making it difficult to accurately identify each cell.

Therefore, video results may also contain certain errors, although they are often consid-
ered the "reference standard." Overall, the survey results show that the system is capable
of counting cells quite accurately. However, the use of a fixed threshold in conditions of
clearly varying signals carries the risk of cell omission, especially for weak signals.
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Survey 2 – PBS 1x, 3 V, 100 kHz
In the second survey, the stimulation voltage was reduced to 3 V and the frequency

was adjusted to a lower range (100 kHz). First, the raw signal was filtered using a
Butterworth digital filter to remove noise outside the region of interest. Figure 4.29
shows the processed signal, in which the characteristic oscillations can be clearly observed
each time a cell passes through the microchannel. Unlike the previous study, the research
team here applied a dynamic threshold setting method: baseline threshold = 1 × standard
deviation of the background noise level, peak threshold = 1.2 × noise level. This allows
the threshold to adaptively change according to the signal noise level, rather than being
fixed.

Figure 4.29: Digitally filtered (Butterworth) signal of A549 cells in microchannels under
3 V – 100 kHz conditions.

The results show that the system detected 72 cells, while the number of cells counted
from the video was 76 cells, achieving an accuracy of 94.7%. The signal peaks in Fig-
ure 4.29 are fairly evenly distributed, with clear amplitudes and fewer omissions com-
pared to Figure 4.28. It can be seen that the dynamic threshold helps identify even
low-amplitude signals, which might be omitted when applying a fixed threshold.

The remaining discrepancy (4 cells) may be due to:

• Signal overlap: When two cells pass through the microchannel nearly simultane-
ously, the recorded signal may appear as a single peak.

• Very low amplitude: Even with a dynamic threshold, some pulses are too small to
exceed the detection threshold.

• Cell velocity variation: When cells move quickly, the signal duration is short, leading
to reduced pulse amplitude and increased likelihood of being missed.

The survey results confirm that the integrated circuit system is capable of counting
A549 cells with high accuracy under experimental conditions. Further optimization of
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stimulation parameters (amplitude, frequency) combined with improvements to the peak
detection algorithm promises to further enhance the accuracy and reliability of the system
in practical applications.

Machine learning model for impedance signal results

Four standard metrics were used to evaluate the performance of the machine learning
models used in this study: Accuracy, Precision, Recall, and F1-score. These metrics
comprehensively evaluate each model’s ability to distinguish between real cell signals and
noise. Accuracy measures the overall correctness of the model and is defined as:

Accuracy = TP + TN

TP + TN + FP + FN
(4.6)

where TP is True Positive, TN is True Negative, FP is False Positive, and FN is False
Negative. Precision reflects the proportion of positive cases that are correctly predicted,
indicating the model’s reliability:

Precision = TP

TP + FP
(4.7)

Recall (or Sensitivity) measures the model’s ability to accurately identify all relevant
cases of the positive class:

Recall = TP

TP + FN
(4.8)

The F1-Score is the harmonic mean of Precision and Recall, providing a balanced
metric when dealing with imbalanced datasets:

F1-Score = 2 × Precision × Recall

Precision + Recall
(4.9)

By applying these metrics, the study ensures a thorough evaluation of the performance
of machine learning models on both one-class and two-class classification approaches. Ac-
curacy highlights overall correctness, while Precision and Recall provide detailed infor-
mation about false positives and false negatives, respectively. The F1-Score is a balanced
metric, particularly valuable for imbalanced datasets like the one used in this study.

Data collection and segmentation model performance
The dataset used in this study comprises over 1,000,000 data points collected from

experimental records, segmented into a total of 1,473 labeled instances for training and
testing purposes. To rigorously evaluate the performance and generalizability of the ma-
chine learning models, a stratified 5- -fold cross-validation technique was used. Specifically,
the dataset was divided into five equal-sized subsets, ensuring balanced representation of
cellular and non-cellular signals in each subset. In each iteration, four subsets were used
for model training, while the remaining subset served as the validation set, with this
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process repeated five times. The final performance metrics, including accuracy, precision,
recall, and F1 score, were calculated as the average across these five folds. The statistical
significance of the differences between models is assessed using paired t-tests, with a sig-
nificance threshold set at p < 0.05. The segmentation model achieved Precision of 85.33%
and Recall of 96.76% on this dataset. The results indicate that the segmentation step
effectively collects most cellular signals while minimizing false positives. Further analysis
reveals that most cases missed in this stage have minimal peak voltage values around
0.1 V. These findings highlight the model’s strong performance while emphasizing the
challenge of accurately identifying signals with minimal voltage changes.

Classification model performance
The performance of one-class classification models, presented in Table 4.4, demon-

strates that IsolationForest achieves the highest Accuracy of 0.882. However, OneClassSVM
outperforms IsolationForest in terms of Precision (0.785) and Recall (0.795), resulting in
a higher F1-score of 0.790 compared to 0.720 for IsolationForest. This result suggests that
while IsolationForest collects a broader set of cases, it may include more false positives,
as indicated by its lower Precision. Conversely, OneClassSVM demonstrates a better
balance between accurately identifying cellular signals and minimizing noise, making it
more reliable for this dataset. However, the overall performance of the single-class models
remains suboptimal, which can be attributed to insufficient convergence of the identified
features. The limited distinction between actual cellular signals and noise may hinder the
ability of clustering models to classify signals accurately.

Table 4.4: Single-layer model performance

Model Accuracy Precision Recall F1-score

Isolation Forest 0.882 0.715 0.735 0.720
One-Class SVM 0.842 0.785 0.795 0.790

To evaluate the classification machine learning models, the labeled dataset was divided
into a training set and a testing set, with the model performance on the testing set
summarized through confusion matrices (Figure 4.30). Confusion matrices provide a
comprehensive overview of the performance of six machine learning models: Decision Tree,
Random Forest, Logistic Regression, SVC, K-Nearest Neighbors Classifier, and Gradient
Boosting in a two-class classification task. Ensemble-based methods, such as Random
Forest , and Gradient Boosting, along with SVC, demonstrate superior performance with
fewer.

Characteristics of the impedance signal generated when a cell moves through the sensor
area

Scatter plot in Figure 4.31 illustrates the distribution of two main signal characteris-
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Figure 4.30: Confusion matrix of the 6 classification models.
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tics: segment width, representing signal duration, and PP-NP ratio, reflecting the ampli-
tude ratio between positive peaks and negative peaks. These features provide important
detailed information about the size and distribution of the cell population within the
sample. Most data points are concentrated in regions with average segment width and
low PP-NP ratio values, indicating that most cells in the population exhibit similar sizes
and relatively balanced signal peaks. However, a subset of data points with higher PP-NP
ratios and varying segment widths suggests the presence of larger cells or cells unevenly
positioned relative to the electrodes. This distribution highlights the heterogeneity within
the cell population and the potential of these features to distinguish unique cells based
on their signal characteristics, thereby improving the accuracy of single-cell analysis.

It would be beneficial to consider comparative studies involving deep learning models,
such as Convolutional Neural Networks (CNNs) and Long Short-Term Memory networks
(LSTMs), for identifying distinct cellular features within the same population. Given
the ability of deep learning methods to capture complex, high-dimensional patterns in
sequential and spatial data, the use of CNNs or LSTMs may yield improved accuracy
and deeper insights into subtle variations between cells that traditional machine learn-
ing models may not fully capture. This comparative evaluation can establish additional
robust methodologies for single-cell analysis, capable of discovering new biomarkers and
improving diagnostic precision in complex biological systems.

The focus of this chapter is the design and development of capacitive sensors capa-
ble of direct integration with the liquid-based technology platform. Gold microelectrode
structures, chosen for their biocompatibility and excellent conductivity, were fabricated
via photolithography and wet etching. For measurement, a custom impedance measure-
ment circuit was designed, capable of analyzing both the real and imaginary components
of the total impedance. This system relies on the lock-in detection method to elimi-
nate noise and separate voltage components, ensuring high accuracy even in highly noisy
environments.

Theoretically and in simulations, the change in impedance Z was calculated as the
A549 cell moved through the sensor region. Simulation results show maximum changes
in resistance and impedance of approximately 1,000 kΩ and 325 kΩ, respectively. In cell
counting experiments, the system demonstrated real-time response capability, detecting
and processing approximately 101 events per second, equivalent to over 6,000 cells per
minute. When assessing accuracy, the system achieved 94.7% accuracy under PBS 1x, 3
V, 100 kHz conditions by applying a dynamic thresholding method.

To enhance the reliability of cell signal recognition, machine learning models [83] were
applied, using features such as segment width and SP-EP deviation, demonstrating ef-
fectiveness in distinguishing cell signals from background noise. Among the one-class
classification models, One-Class SVM achieved the highest F1 score of 0.790, demon-
strating a good balance between accurately identifying cell signals and minimizing noise.
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Figure 4.31: The distribution of cell signal segment width and the ratio of positive peaks
to negative peaks.

These results highlight the potential utility of integrated impedance sensor technology in
applications for accurate cell detection in microfluidic environments.

Performance evaluation of the impedance counter

To evaluate the performance of the impedance counting system in the LoC system, ex-
periments were conducted sequentially with two cell lines, MRC5 and A549, under the
same microfluidic channel conditions, flow rates, and environments to ensure objective
comparability. The electrical parameters were systematically investigated with voltage
amplitudes ranging from 1 to 3 V and frequency ranges of 100, 150, and 200 kHz. The
two cell lines differed in morphology and size, making them suitable for verifying the
resolution capability of the system.

Table 4.5: Comparison of SNR between A549 and MRC5
under different conditions

Threshold
voltage

(V)

Signal-to-noise ratio (SNR)
Stimulus frequency (kHz)

100 150 200
A549 MRC5 A549 MRC5 A549 MRC5

1 1.5125 4.9 2.267 5.05 4.375 7.45
2 4.3 4.7375 3.9375 11.11 5 12.75
3 3.7375 10.68 8.575 9.8 7.275 12.34

Performance is evaluated based on two key parameters: signal peak amplitude, re-
flecting the system’s sensitivity in detecting impedance variations as cells pass through
the measurement channel, and signal-to-noise ratio (SNR), indicating the stability and
reliability of the signal under different operating conditions (Table 4.5). This approach
allows simultaneous determination of both cell discrimination capability and output signal
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quality, thereby guiding the selection of optimal operating parameters for the impedance
counting system.

The average peak amplitude measurement results show that the impedance counting
system can clearly distinguish between the two cell lines, MRC5 and A549 (Figure 4.32).
At a frequency of 100 kHz and a threshold voltage of 3V, the signal amplitude of A549
reached 0.0299 V while MRC5 reached 0.1495 V, corresponding to an absolute difference
of 0.1196 V and an MRC5 signal approximately 5 times higher than A549. When the
frequency was increased to 150 kHz, the A549 amplitude reached 0.0343 V and the MRC5
reached 0.196 V, an absolute difference of 0.1617 V with a difference ratio of 5.71 times.
At 200 kHz, the amplitude of A549 increased to 0.0585 V while MRC5 reached 0.2468 V,
creating an absolute difference of 0.1883 V and a signal ratio of 4.22 times.

These figures show that the system maintains stable discrimination capability across
the entire surveyed frequency range, with the MRC5 signal consistently outperforming
A549 by 4 to nearly 6 times. In terms of absolute difference, the optimal condition is at
200 kHz (∆V = 0.1883 V), as the largest signal gap supports more accurate electronic
identification. Conversely, when considering the relative ratio, the 150 kHz frequency
demonstrates a notable advantage, with the MRC5 signal being 5.71 times higher than
A549.

Figure 4.32: Comparison chart of the average peak amplitude of A549 and MRC5.

Overall, the results confirm that the impedance counting system has high performance
in distinguishing two cell lines with different morphological characteristics. Specifically,
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operation at high frequencies (150–200 kHz) and a threshold voltage of 3 V provides a
good balance between sensitivity and resolution, thereby establishing optimal operating
conditions for the system.

Table 4.6: Comparison of SNR between A549 and MRC5
under different conditions

Threshold
voltage

(V)

Signal-to-noise ratio (SNR)
Stimulus frequency (kHz)

100 150 200
A549 MRC5 A549 MRC5 A549 MRC5

1 1.5125 4.9 2.267 5.05 4.375 7.45
2 4.3 4.7375 3.9375 11.11 5 12.75
3 3.7375 10.68 8.575 9.8 7.275 12.34

When evaluating the performance of the impedance counter based on SNR values
(Table 4.6), the results show a clear difference between the two cell types, A549 and
MRC5. At the voltage thresholds of 1V, all SNR values remain low; however, MRC5
consistently exhibits higher values than A549 at the same frequency. Specifically, at 200
kHz, the SNR of A549 reached about 4.4 while MRC5 reached 7.5, which was the highest
pair of values in this cluster. This shows that even at low voltages, the signal from MRC5
still had the ability to maintain better stability than A549.

When the voltage threshold is increased to 2V, the differentiation effect becomes most
pronounced. This cluster has the highest SNR values in the entire experiment. At 100
kHz, A549 and MRC5 have relatively similar values (approximately 4.3–4.7), indicating
limited differentiation capability. However, at 150 kHz and 200 kHz, the SNR of MRC5
surged, reaching 11.11 and 12.75, while A549 remained significantly lower. Notably, the
value of 12.75 at 200 kHz is the highest point in the entire data set, confirming the
superiority of MRC5.

At the 3V voltage threshold, the trend remains similar to the 2V group, with MRC5’s
SNR continuing to outperform A549 at high frequencies. At 100 kHz and 200 kHz, MRC5
achieves 10.68 and 12.34, both significantly higher than A549. An interesting point is
that at 150 kHz, the SNR of MRC5 (9.8) is lower than at the 2V threshold, suggesting
that increasing the voltage does not always improve signal quality but may be related to
saturation or changes in cell impedance characteristics.

The data show that MRC5 consistently achieves higher SNR than A549, particularly
evident at frequencies of 150–200 kHz and threshold voltages of 2–3V. These results
demonstrate that the impedance counter can effectively distinguish between cell types,
with MRC5 producing higher-quality, more easily identifiable signals than A549. This
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indicates that the system’s performance is not uniform for all cell types but depends on
the unique electrophysiological characteristics of each cell line, thereby confirming the
applicability of the method for cell classification and identification based on impedance.

Figure 4.33: SNR values for A549 and MRC5.

This indicates that the performance of the counter is not uniform across cell lines but is
closely dependent on electrophysiological characteristics such as size, membrane structure,
and intracellular composition. MRC5, with its distinct morphological characteristics,
produces a greater change in impedance when passing through the measurement channel,
leading to higher signal amplitude and SNR. Conversely, A549 produces a lower signal,
reflecting reduced sensitivity during detection (Figure 4.33).

Overall, the data confirms that the microfluidic impedance measurement system is not
only capable of detecting stable signals but also demonstrates clear discrimination between
the two cell lines. The identification of the optimal range of conditions (2–3V, 150–200
kHz) contributes to reinforcing the practical application of this method in cell biology
research and biomedical screening. Notably, the results open prospects for expanding the
system to clinical applications such as classifying cancer cells versus normal cells, early
detection of cellular abnormalities, or developing rapid point-of-care (PoC) diagnostic
devices.

4.3.4 Results of droplet separation using DEP

Results of droplet steering and separation using DEP

Mineral oil and deionized water are used for the continuous phase and dispersed phase,
respectively. These solutions are injected into the microchannel inlets via a dual-phase
syringe pump (GEMINI 88 Plus, KD Scientific, USA), and the flow rate ratio between the
water phase and oil phase is maintained at 1:3 (60 µL·h−1 and 180 µL·h−1) to stabilize the
droplet size produced. Droplet samples can be collected from two outlets, specifically the
’Waste Outlet’ and the ’Collecting Outlet’. In the experiments, a DC voltage generator
supplied an electrical signal to four electrodes, with the voltage value varying from 0 to
320 V, to analyze the effect of electrostatic force on the droplets at each voltage level. A
high-speed camera with a speed of 7 gigapixels per second (Phantom VEO-710 L-72G-C,
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USA) connected to a 10X optical microscope was used to observe and record the results
of droplet manipulation. Finally, droplet classification results were tracked using Python-
based software programs with the OpenCV 4.8 library, and droplet deformation at each
voltage was estimated using ImageJ software.

Figure 4.34: The microfluidic chip and gold electrodes were fabricated and experimentally
tested using oil and water. a) Actual-size images of the channel and electrodes, b) Time-
dependent movement of the droplet as it moves toward the collection channel, and c)
Time-dependent movement of the droplet separation phenomenon.

Figure 4.34 shows the fabricated microchannel combined with gold electrodes, where
the dimensions of the channel and electrodes were precisely fabricated according to the
design model used in the simulation (Figure 4.34 (a)). Droplets, approximately 100 µm
in size, are generated within the 300 µm wide main channel, providing sufficient space for
the droplets to exhibit sorting or separation effects. Figure 4.34 (b) shows the droplet ma-
nipulation phenomenon as the droplet passes through the electrodes and deviates from its
initial trajectory toward the collection channel. From 60 ms to 100 ms, the droplet’s shape
is slightly distorted due to EHD effects, but as it exits the electrode region, the droplet
returns to its original spherical shape. As the voltage applied to the electrodes increases,
the droplet undergoes significant deformation when passing through the large electrodes,
leading to its breakup into two smaller droplets. Detailed experimental parameters and
further studies are presented in the subsequent sections.

During the experiment, droplet control phenomena were observed, and the contribu-
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Figure 4.35: Analysis of droplet steering motion in a DC electric field and the effectiveness
of droplet classification. (a) Experimental illustration of droplet manipulation in the
electrode region. (b) Experimental images showing the displacement of droplets toward
the remaining outlet at different DC voltage levels. The label "Dist" denotes the distance
between the droplet center and the upper channel wall. (c) The effectiveness of droplet
classification into the collection outlet is represented by the classification success rate,
defined as the percentage of accurately classified droplets out of the total number of
droplets at different voltage levels. Droplet displacement indicates the change in droplet
position measured in micrometers (µm) relative to their original path in the absence of
a DC electric field. (d) The deflected trajectory of droplets in the electrode region over
time, where the droplet trajectory denotes the path of the droplet as it moves through
the electric field.
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tion of electrostatic forces to the classification mechanism was thoroughly investigated
to provide deeper insights. Notably, the electrodynamic force (DEP) acting on polarized
droplets was identified as an important factor affecting the efficiency of the classification
process. Before entering the electric field region created by the electrodes, the droplet
retains its original shape and moves in a straight trajectory at the center of the main chan-
nel. However, upon entering the non-uniform electric field region created by the small and
large electrodes, the droplet deforms and deviates from its original trajectory. Figure 4.35
(a) shows the altered trajectory of the droplet as it passes through the electric field created
by the electrodes. The trajectory is measured and analyzed using ImageJ software, and
the results are displayed on the channel image using Python. When no voltage is applied
to the electrodes, the deviation of the droplets is minimal, and all droplets are directed
into the collection channel. Increasing the voltage, creating a stronger electric field for
all electrodes, causes a significant change in the trajectory of the droplets. At different
voltage levels, the droplets were driven and guided into the designated collection channel
(Figure 4.35 (b)). Using a 300 µm wide channel and droplets with a diameter of 100 µm,
the sorting efficiency reached a maximum of 100% at voltages ranging from 92 V to 112
V (Figure 4.35 (c)). At 92 V, the average distance from the droplet center to the channel
wall is 91.25 µm, causing the droplet to move into the collection channel. At this voltage,
the droplet’s trajectory is also more stable, with a standard deviation of 5.69 µm after
passing through the electrodes. This finding indicates that the change in droplet motion
during sorting is minimal. However, at voltages of 111 V and above, the droplets are
overly affected by the electric force, leading to deformation and making their trajectories
difficult to control. As the voltage applied to the electrodes increases from 111 V to 171
V, the trajectory of the droplets in the electrode region becomes unstable, causing them
to deviate from the desired path for effective classification (Figure 4.35 (d)). This phe-
nomenon occurs when the droplets are significantly deformed and unstable; however, the
electric field strength is insufficient to cause separation, causing the droplets to move in an
unpredictable direction. Further increasing the voltage leads to a stronger electric field,
thereby increasing the deformation of the droplets. The degree of droplet deformation is
an important factor that affects the trajectory of the droplets as they move through this
non-uniform electric field region.

The result of droplet separation into two parts by DEP force

Drop deformation is studied as it passes through electrodes under high voltage conditions,
using drops with a diameter of 100 µm in a channel 300 µm wide (Figure 4.36 ). The
droplet spacing parameters, illustrated in Figure 4.36 (a), become apparent when the
droplet is placed between two electrodes. Under the influence of the electric field force,
the shape of the droplet changes to an ellipse as it is pulled toward the two ends of
the electrodes. This deformation is primarily governed by the voltage applied to the
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electrodes. Under normal conditions, the droplet maintains a spherical shape with equal
diameters in the vertical (d1) and horizontal (d2) directions. However, when it passes
through electrodes with lower voltage, the droplet deforms, and at higher voltage, it
stretches to its maximum extent and forms two new droplets.

Figure 4.36: (a) Experimental image illustrating the deformation of an EHD droplet
under the influence of a DC electric field. The dimensions d1 and d2 represent the vertical
and horizontal dimensions of the deformed droplet. (b) A graph describing the droplet
deformation ratio D, showing the relative elongation and contraction of the vertical and
horizontal dimensions of the droplet under different voltages.

Figure 4.36 (b) illustrates the deformation of the water droplet under different voltage
levels applied to the electrodes. Deformation is quantified based on the vertical (d(1))
and horizontal (d2) dimensions of the water droplet, measured using ImageJ software as
follows:

D = d1 − d2

d1 + d2
(4.10)

At voltages ranging from 0 V to below 70 V, droplet deformation is negligible and the
electric driving force (DEP) is insufficient to effectively control the droplet, resulting in
low sorting efficiency. As the voltage increases to approximately 92 V to 112 V, sorting
efficiency reaches its peak. Within this range, droplet deformation becomes noticeable
but remains controllable, ensuring a stable and predictable droplet trajectory. As the
voltage continues to increase to below 320 V, the increased deformation begins to signifi-
cantly affect the droplet’s trajectory, causing instability in its control behavior within the
channel. The higher the voltage, the greater the observed deformation. When the voltage
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exceeds the critical threshold of 320 V, droplet splitting occurs. This phenomenon is due
to the combined effect of strong deformation and shear forces exerted by the liquid flow,
ultimately leading to the formation of two daughter droplets. With higher stress in the
electric field created by the electrodes, droplet deformation occurs earlier (Figure 4.37)
than at lower voltage levels. The droplet stress caused by deformation is more significant
both vertically and horizontally as the droplets approach the center of the two large sym-
metrical electrodes. The observed deformation phenomenon results from the combined
forces within the microchannel, including Maxwell stress, continuous flow resistance, and
electric force. When the total force exceeds the surface tension of the droplet, the ini-
tial droplet breaks into two daughter droplets. From the moment the droplet begins to
approach the sorting electrode region (0 ms to 60 ms), the parent droplet tends to move
toward the negative electrode due to the influence of the non-uniform electric field created
by the proposed operating electrode structure. At 90 ms, the parent droplet enters the
electric field region created by the sorting electrode pair, where the high electric field
intensity initiates droplet deformation. The large electrodes allow the parent droplet to
remain under the influence of the electric field long enough for deformation to lead to
separation into two daughter droplets (Figure 4.37, inset image from 120 ms to 180 ms).

Figure 4.37: Time-lapse images showing EHD deformation and droplet separation in the
electrode classification zone at a flow rate of 300 µL/h and a voltage of 320 V.

The performance of the proposed microfluidic device for droplet classification and
separation is influenced by several experimental parameters, including electrode config-
uration, electrode size, flow rate, and droplet size, among others. Detailed investigation
of these parameters could significantly enhance the applicability of this device in droplet
classification and separation processes. In this study, the main channel has a width of
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300 µm, and two outputs are integrated to evaluate the classification performance of each
droplet. The optimal voltage range for effective classification was found to be relatively
narrow; outside this range, the trajectory of the droplets became unpredictable. To ex-
pand this effective voltage range, adjustments such as increasing the size of the main
channel and adjusting the voltage difference between the small and large electrodes could
be explored. These adjustments could extend the device’s functionality from single-drop
classification to multi-drop classification across multiple outputs. Similarly, for droplet
classification, the current setting leads to unequal sizes of the droplet fragments, and their
subsequent trajectories remain undefined and uncontrolled. By continuing to study the
voltage and flow rate applied to optimize the shear force, the size ratio of the droplets
can be precisely controlled, enhancing the usefulness of droplet separation for applications
requiring adjusted droplet flow rates. Future studies focusing on optimizing the experi-
mental parameters of the proposed method are expected to yield significant advances in
its application for lab-on-a-chip systems.

4.4 Summary of Chapter 4

This chapter has presented a comprehensive set of modeling and experimental results
that collectively validate the operation of the proposed multifunctional Lab-on-a-Chip
(LoC) platform. Numerical simulations clarified the roles of magnetic, hydrodynamic,
and electrohydrodynamic forces in the magnetic filtration cavities, impedance sensing
region, and DEP-based droplet manipulation zone, guiding the selection of geometrical
parameters and operating windows for high-efficiency separation, sensing, and droplet
control.

Experimentally, the aptamer–magnetic bead strategy achieved robust binding of A549
cells and high effective capture and purity in the microfluidic filtration module, while
image-based machine learning models enabled accurate quantitative assessment of bead
coverage and separation performance. In the droplet module, controlled T-junction gen-
eration produced size-tunable droplets with a high probability of single-cell encapsula-
tion, and YOLO-based object detection provided reliable bead and cell counting inside
droplets. To overcome the throughput limitations of purely optical methods, an integrated
impedance cytometry module was developed, demonstrating stable real-time counting of
A549 and MRC5 cells with high accuracy and clear discrimination in peak amplitude and
SNR, which was further enhanced by dedicated machine learning classifiers.

Finally, DEP-based droplet steering and controlled splitting in the output section
achieved near-perfect sorting efficiency within a well-defined voltage window and enabled
voltage-dependent partitioning of droplets into daughter droplets. Taken together, these
results confirm that the proposed LoC system can selectively capture target cells, encapsu-
late them into droplets, route and split droplets on demand, and perform high-throughput
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electrical counting and classification on-chip. These successful validations are consistent
with and have been disseminated in the candidate’s peer-reviewed works [P1], [P2], [P3],
[P4], [P5], and [P6].



Conclusions and Future Work

This dissertation has presented a comprehensive study on the development of a microflu-
idic system for the isolation and analysis of Circulating Tumor Cells (CTCs). A novel
microfluidic device integrating advanced separation techniques was successfully designed
and fabricated. The system demonstrated high efficiency in isolating CTCs from blood
samples, achieving high recovery rates and purity.

Numerical simulations provided valuable insights into the particle behavior within the
microfluidic channels, validating the experimental results. The proposed method offers a
label-free and low-cost alternative to existing commercial systems, making it suitable for
potential clinical applications.

The main contributions of this dissertation can be summarized as follows:

1. A multifunctional microfluidic Lab-on-a-Chip system was integrated and success-
fully fabricated for the detection and counting of lung cancer cells. This platform in-
corporates magnetically assisted and inertial microfluidic separation, droplet-based
single-cell encapsulation, impedance-based cell counting, and machine-learning-based
signal processing, enabling automated, high-throughput analysis on a single chip.

2. New methods for cell detection, classification, and separation were proposed and ex-
perimentally validated, based on the combined use of electromagnetic techniques and
image processing with machine learning models. These methods harness magnetic
forces, non-uniform electric fields, impedance cytometry, and deep-learning-based
image analysis to improve the sensitivity, selectivity, and reliability of lung cancer
cell analysis.

While the results obtained in this study are promising, there are several avenues
for future research to further improve the system and expand its applications. First,
further optimization of the channel geometry and electrode configuration could enhance
the throughput and sensitivity of the system.

Second, large-scale clinical trials with patient samples are necessary to validate the
clinical utility of the device for cancer diagnosis and prognosis. Third, integrating the
isolation module with downstream analysis capabilities, such as single-cell sequencing or
drug screening, would provide a more comprehensive tool for cancer research. Finally,

135
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developing a fully automated and portable version of the system would facilitate its use
in point-of-care settings.
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