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Abstract 

 

Microfluidic technologies have emerged as outstanding tools for the investigation of biological and 

chemical processes owing to advantages such as reduced reagent consumption, low cost, 

process integration and system automation. Unsurprisingly, microfluidic platforms have become 

powerful tools in single-cell manipulation and analysis. Cell heterogeneity is an important 

biological phenomenon observed in processes such as stem cell division, drug metabolism or 

immune response. To this end, extracting single-cell information from a heterogeneous cellular 

population is of paramount importance and differs from the ensemble measurements performed 

in traditional assays, which depend on population-averaged information. The ability to dissect 

heterogeneity via single-cell measurements has become important when studying complex 

phenomena such as stem cell differentiation, cancer development and noise in biological systems. 

Recent advances in microfluidic technologies have allowed researchers to investigate such 

heterogeneity, since single cells may be manipulated (via sorting, trapping and focusing) and 

analyzed in a robust and high-throughput manner.  

We first present a pneumatic valve-based microfluidic platform to aid in better understanding the 

decision-making process of cells, by tracking their lineage over multiple generations at the single-

cell level. The system can trap single cells inside "growth" chambers, isolate "sister" cells after 

division and extract them for downstream transcriptome analysis. The setup incorporates cell 

manipulation steps, image processing-based automation for cell loading and cell-growth 

monitoring, reagent addition and device washing. 6C2 (chicken erythroleukemia cell line) and 

T2EC (chicken erythrocytic progenitors) cells are tracked inside the microfluidic system over two 

generations, with a cell viability rate in excess of 90% being achieved. Sister cells are successfully 

isolated after division, extracted from the device within a 500 nl volume and collected for 

downstream RNA sequencing analysis. 

Then, we introduce a high-throughput real-time fluorescence cytometer that comprises a 

microfluidic device and a complementary metal-oxide-semiconductor (CMOS) image sensor-

based detection system. A custom C++ program and graphical user interface (GUI) are developed 

for processing raw signals, adjusting processing parameters and displaying fluorescence intensity 

histograms in real-time. This platform allows real-time quantification of fluorescent species 

(particles and cells) at a throughput of up to 500,000 events per second. We apply this platform to 

measure and quantify patient-derived circulating tumor cells (CTCs) spiked in peripheral blood. 

The data indicate that CTC detection has a sensitivity of 0.000006% (i.e., 6 CTCs per million blood 

cells) at a volumetric throughput of 3 ml/min.  
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Subsequently, we report the development of a fluorescence-based active cell sorting system for 

isolating rare cells from peripheral blood, with high sensitivity and throughput. Our method is based 

on positive selection, where cell-surface markers are labelled with fluorescent antibodies, ranked 

by aliquots and then sorted. The system consists of a multilayer microfluidic device featuring ten 

parallel channels with control valves, an optical system and a 1D complementary metal-oxide-

semiconductor (CMOS) image sensor for fluorescence-based detection. A field programmable 

gate array (FPGA) integrated with a custom-designed printed circuit board is used for real-time 

data acquisition, processing of fluorescence signals from target cells and triggering of the solenoid 

valves for aliquot sorting. We first validate this method by analysing fluorescent beads spiked into 

a non-fluorescent bead suspension at ratios ranging from 1:100 to 1:1,000,000 (fluorescent beads: 

non-fluorescent beads). Results indicate a 2,000× enrichment and a recovery rate in excess of 

90%. Furthermore, cancer cells spiked into 1 ml of blood at a ratio of 1:108 (cancer cells: blood 

cells) can be enriched by a factor of 72 million after three rounds of sorting. 

Finally, we demonstrate, a portable imaging flow cytometer comprising a smartphone, a cost-

effective, small-footprint optical system and a PDMS-based microfluidic device. A custom Android 

program integrating a GUI provides a high degree of user control over high-speed image 

acquisition using the cell phone camera, and enables single cell analysis at throughputs of up to 

50,000 cells per second. Importantly, the integrated system allows for the accurate sizing and 

discrimination of different cell lines. In addition, the system incorporates a real-time imaging 

algorithm able to analyse high-resolution brightfield images of single cells moving at high linear 

velocities. Specifically, we utilize elasto-inertial focusing to manipulate cells in a sheathless 

manner and machine-learning algorithms to analyse the obtained images. This allows label-free 

classification of different populations of cells of similar size but with different morphologies.  
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Zusammenfassung 

 

Mikrofluidische Technologien haben sich aufgrund von Vorteilen wie reduziertem 

Reagenzienverbrauch, niedrigen Kosten, Prozessintegration und Systemautomatisierung zu 

herausragenden Werkzeugen für die Untersuchung biologischer und chemischer Prozesse 

entwickelt. Es überrascht nicht, dass mikrofluidische Plattformen zu leistungsstarken Werkzeugen 

bei der Manipulation und Analyse von Einzelzellen geworden sind. Zellheterogenität ist ein 

wichtiges biologisches Phänomen, das bei Prozessen wie der Stammzellteilung, dem 

Arzneimittelstoffwechsel oder der Immunantwort beobachtet wird. Zu diesem Zweck ist das 

Extrahieren von Einzelzellinformationen aus einer heterogenen Zellpopulation von höchster 

Bedeutung und unterscheidet sich von den in herkömmlichen Assays durchgeführten Ensemble-

Messungen, die auf populationsgemittelten Informationen beruhen. Die Fähigkeit, Heterogenität 

durch Einzelzellmessungen zu zerlegen, ist wichtig geworden, wenn komplexe Phänomene wie 

Stammzelldifferenzierung, Krebsentwicklung und Rauschen in biologischen Systemen untersucht 

werden. Jüngste Fortschritte in mikrofluidischen Technologien haben es Forschern ermöglicht, 

eine solche Heterogenität zu untersuchen, da einzelne Zellen manipuliert (durch Sortieren, 

Einfangen und Fokussieren) und auf robuste Weise und mit hohem Durchsatz analysiert werden 

können. 

Wir stellen zunächst eine auf pneumatischen Ventilen basierende mikrofluidische Plattform vor, 

um den Entscheidungsprozess von Zellen besser zu verstehen, indem wir ihre Abstammung über 

mehrere Generationen auf Einzelzellebene verfolgen. Das System kann einzelne Zellen in 

„Wachstums“-Kammern einschließen, „Schwester“-Zellen nach der Teilung isolieren und sie für 

die nachfolgende Transkriptomanalyse extrahieren. Das Setup umfasst Zellmanipulationsschritte, 

bildverarbeitungsbasierte Automatisierung für die Zellbeladung und Zellwachstumsüberwachung, 

Reagenzienzugabe und Gerätereinigung. 6C2 (Hühner-Erythroleukämie-Zelllinie) und T2EC 

(Hühner-Erythrozytär-Vorläufer)-Zellen werden innerhalb des mikrofluidischen Systems über zwei 

Generationen verfolgt, wobei eine Zelllebensfähigkeitsrate von über 90 % erreicht wird. 

Schwesterzellen werden nach der Teilung erfolgreich isoliert, aus dem Gerät mit einem Volumen 

von 500 nL extrahiert und für die nachfolgende RNA-Sequenzanalyse gesammelt. 

Dann stellen wir ein Hochdurchsatz-Echtzeit-Fluoreszenzzytometer vor, welches ein 

mikrofluidisches Gerät und ein auf einem komplementären Metall-Oxid-Halbleiter (CMOS)-

Bildsensor basierendes Detektionssystem umfasst. Ein benutzerdefiniertes C++ Programm und 

eine grafische Benutzeroberfläche (GUI) werden entwickelt, um Rohsignale zu verarbeiten, 

Verarbeitungsparameter anzupassen und Fluoreszenzintensitätshistogramme in Echtzeit 

anzuzeigen. Diese Plattform ermöglicht die Quantifizierung fluoreszierender Spezies (Partikel und 
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Zellen) in Echtzeit bei einem Durchsatz von bis zu 500.000 Ereignissen pro Sekunde. Wir wenden 

diese Plattform an, um von Patienten stammende zirkulierende Tumorzellen (CTCs) zu messen 

und zu quantifizieren, die in peripheres Blut versetzt wurden. Die Daten zeigen, dass der CTC-

Nachweis eine Empfindlichkeit von 0,000006 % (d. h. 6 CTCs pro Million Blutzellen) bei einem 

volumetrischen Durchsatz von 3 ml/min hat. 

Anschließend berichten wir über die Entwicklung eines fluoreszenzbasierten, aktiven 

Zellsortiersystems zur Isolierung seltener Zellen aus peripherem Blut mit hoher Empfindlichkeit 

und hohem Durchsatz. Unsere Methode basiert auf positiver Selektion, bei der 

Zelloberflächenmarker mit fluoreszierenden Antikörpern markiert, nach Aliquoten geordnet und 

dann sortiert werden. Das System besteht aus einem mehrschichtigen, mikrofluidischen Gerät mit 

zehn parallelen Kanälen mit Steuerventilen, einem optischen System und einem komplementären 

1D-Metalloxid-Halbleiter (CMOS)-Bildsensor für die fluoreszenzbasierte Detektion. Ein 

feldprogrammierbares Gate-Array (FPGA), das in eine kundenspezifische Leiterplatte integriert 

ist, wird für die Echtzeit-Datenerfassung, die Verarbeitung von Fluoreszenzsignalen von Zielzellen 

und die Ansteuerung der Magnetventile für die Aliquot-Sortierung verwendet. Wir validieren diese 

Methode zunächst, indem wir fluoreszierende Kügelchen analysieren, die in eine nicht 

fluoreszierende Kügelchensuspension in Verhältnissen von 1: 100 bis 1: 1.000.000 

(fluoreszierende Kügelchen: nicht fluoreszierende Kügelchen) versetzt wurden. Die Ergebnisse 

weisen auf eine 2.000-fache Anreicherung und eine Wiederfindungsrate von über 90 % hin. 

Darüber hinaus können Krebszellen, die im Verhältnis 1:108 (Krebszellen: Blutzellen) in 1 ml Blut 

gespiked wurden, nach drei Sortierrunden um den Faktor 72 Millionen angereichert werden. 

Schließlich demonstrieren wir ein tragbares bildgebendes Durchflusszytometer, welches aus 

einem Smartphone, einem kostengünstigen, optischen System mit geringem Platzbedarf und 

einem PDMS-basierten, mikrofluidischen Gerät besteht. Ein benutzerdefiniertes Android-

Programm mit integrierter GUI bietet dem Benutzer ein hohes Maß an Kontrolle über die 

Hochgeschwindigkeits-Bildaufnahme mit der Handykamera und ermöglicht die Einzelzellanalyse 

mit einem Durchsatz von bis zu 50.000 Zellen pro Sekunde. Wichtig ist, dass das integrierte 

System die genaue Größenbestimmung und Unterscheidung verschiedener Zelllinien ermöglicht. 

Darüber hinaus enthält das System einen Echtzeit-Bildgebungsalgorithmus, der in der Lage ist, 

hochauflösende Hellfeldbilder einzelner Zellen zu analysieren, die sich mit hohen linearen 

Geschwindigkeiten bewegen. Insbesondere nutzen wir die Elasto-Inertial-Fokussierung, um 

Zellen hüllenlos zu manipulieren, und maschinelle Lernalgorithmen, um die erhaltenen Bilder zu 

analysieren. Dies ermöglicht eine markierungsfreie Klassifizierung verschiedener Populationen 

von Zellen ähnlicher Größe, aber mit unterschiedlichen Morphologien. 

 

 
  



5 
 

Contents 
 

 

Abstract ........................................................................................................................................................ 1 

Zusammenfassung ...................................................................................................................................... 3 

List of Figures .............................................................................................................................................. 8 

List of Tables.............................................................................................................................................. 13 

List of Equations ....................................................................................................................................... 14 

Chapter 1 Introduction .............................................................................................................................. 15 

1.1 Microfluidic Single-Cell Manipulation ........................................................................................... 16 

1.1.1 Hydrodynamic Methods ....................................................................................................... 16 

1.1.2 Electrical Methods ............................................................................................................... 19 

1.1.3 Optical Methods ................................................................................................................... 19 

1.1.4 Acoustic Methods ................................................................................................................ 20 

1.1.5 Magnetic Methods ............................................................................................................... 20 

1.2 Detection Methods for Microfluidic Single-Cell Analysis ............................................................. 21 

1.2.1 Fluorescence Detection ....................................................................................................... 21 

1.2.2 Imaging Flow Cytometry ...................................................................................................... 21 

1.2.3 Mass Spectrometry Analysis ............................................................................................... 24 

1.2.4 Electrical Analysis ................................................................................................................ 24 

1.3 Thesis Structure........................................................................................................................... 24 

1.4 References .................................................................................................................................. 26 

Chapter 2 An Image-Guided Microfluidic System for Single Cell Lineage Tracking .......................... 31 

2.1 Introduction .................................................................................................................................. 32 

2.2 Experimental Setup ..................................................................................................................... 34 

2.2.1 Microscope Incubator Setup ................................................................................................ 34 

2.2.2 Automated Control Program ................................................................................................ 36 

2.3 Cell Viability Experiments ............................................................................................................ 37 

2.2.1 Bulk Experiments ................................................................................................................. 37 

2.2.2 Open Well Microfluidic Devices ........................................................................................... 39 

2.4 First Generation Device ............................................................................................................... 40 

2.4.1 Design and Fabrication ........................................................................................................ 40 



6 
 

2.4.2 Results and Discussion ....................................................................................................... 43 

2.5 Second Generation Device .......................................................................................................... 44 

2.6 Third Generation Device .............................................................................................................. 46 

2.7 Optimization of Cell Extraction .................................................................................................... 49 

2.8 Conclusions ................................................................................................................................. 52 

2.9 References .................................................................................................................................. 53 

Chapter 3 High-Throughput and Real-Time Flow Cytometry for Rare Cell Quantification ................ 55 

3.1 Introduction .................................................................................................................................. 56 

3.2 Experimental ................................................................................................................................ 58 

3.2.1 Design and Fabrication of the Microfluidic Device .............................................................. 58 

3.2.2 Optical Setup and Data Acquisition ..................................................................................... 59 

3.2.3 Microfluidic Device Operation .............................................................................................. 60 

3.2.4 Real-Time Quantification ..................................................................................................... 61 

3.3 Results and Discussion ............................................................................................................... 62 

3.3.1 Ultra High Throughput Quantification of Fluorescent Beads ............................................... 62 

3.3.2 Optimization of Exposure Time for Cellular Analysis .......................................................... 64 

3.3.3 Sensitivity Characterization ................................................................................................. 66 

3.3.4 Quantification of Circulating Tumor Cells ............................................................................ 67 

3.4 Conclusions ................................................................................................................................. 70 

3.5 References .................................................................................................................................. 72 

Chapter 4 A High-Throughput Fluorescence-Based Cell Sorting System for Rare Cell            

Enrichment ................................................................................................................................................. 75 

4.1  Introduction .................................................................................................................................. 76 

4.2 Experimental ................................................................................................................................ 78 

4.2.1 Microfluidic Device Design and Fabrication......................................................................... 78 

4.2.2 Optical Setup and Data Acquisition ..................................................................................... 81 

4.2.3 Microfluidic Device Operation .............................................................................................. 82 

4.3 Circuit Design and Simulations .................................................................................................... 83 

4.3.1 Sensor Readout Circuit ....................................................................................................... 83 

4.3.2 Design of the Voltage Amplifier ........................................................................................... 85 

4.3.3 Valve Control Circuit ............................................................................................................ 86 

4.3.4 Integration of Circuits ........................................................................................................... 86 

4.4 Cell Sorter Program ..................................................................................................................... 87 

4.5 Results and Discussion ............................................................................................................... 88 



7 
 

4.5.1 Fluorescence Bead Enrichment .......................................................................................... 88 

4.5.2 Rare Cell Enrichment........................................................................................................... 89 

4.6 Conclusions ................................................................................................................................. 92 

4.7 References .................................................................................................................................. 94 

Chapter 5 Smartphone-Based Imaging Flow Cytometry for High-Throughput Single Cell           

Analysis ...................................................................................................................................................... 97 

5.1 Introduction .................................................................................................................................. 98 

5.2 Experimental Section ................................................................................................................. 100 

5.2.1 Design and Fabrication of the Microfluidic Device ............................................................ 100 

5.2.2 Optical Setup and Android Application .............................................................................. 100 

3.2.3 Microfluidic Device Operation ............................................................................................ 104 

5.3 Results and Discussion ............................................................................................................. 104 

5.3.1 Polymer Bead Quantitation ................................................................................................ 104 

5.3.2 Machine Learning-Based Cell Classification ..................................................................... 105 

5.5 Conclusions ............................................................................................................................... 108 

5.6 References ................................................................................................................................ 109 

Chapter 6 Conclusions and Outlook ..................................................................................................... 111 

6.1 Summary ................................................................................................................................... 111 

6.2 Future Outlook ........................................................................................................................... 112 

6.3 References ................................................................................................................................ 114 

Appendix 4 ............................................................................................................................................... 115 

Appendix 5 ............................................................................................................................................... 116 

Acknowledgments ................................................................................................................................... 137 

Curriculum Vitae ...................................................................................................................................... 139 

 

 

 

 



8 
 

List of Figures 

 

Figure 1.1 Examples of inertial single-cell manipulation methods. (a) Schematic of a spiral microfluidic 

device able to order microbeads and then co-encapsulate them in droplets with single cells for single-cell 

RNA measurements14 (b) Illustration of a multi-flow microfluidic device which achieves size based CTC 

separation using inertial migration effects16 (images adapted from the corresponding references with 

permission). ................................................................................................................................................. 17 

Figure 1.2 The two types of Quake valve. Open and closed states for (a) push-up type valves, where the 

control channel is located underneath the flow channel and (b) push-down type valves, where the control 

channel is patterned on top of the flow channel. ......................................................................................... 18 

Figure 1.3 Examples of different imaging flow cytometers recently reported in the literature. (a) A high-

throughput (>10,000 cells/s) microfluidic imaging flow cytometry based on extracting cell images by virtually 

freezing the motion of cells under flow54. (b) A low-cost imaging flow cytometry utilizing a weakly supervised 

deep learning algorithm for the diagnosis of healthy and Sézary syndrome diseased patients56 (images 

adapted from the corresponding references with permission). ................................................................... 23 

Figure 2.1 Images of the experimental setup. The setup consists of a microscope incubator with 

temperature and CO2 control, an inverted microscope, solenoid valves controlled via a custom-designed 

PCB circuit connected to an Arduino board, and a pressure pump for the precise control of the flowing cells 

inside the microfluidic chip. .......................................................................................................................... 35 

Figure 2.2 Valve controller circuit. An Arduino board-based valve controller circuit was used to control 24 

solenoid valves individually. The controller circuit was connected to a custom-written MATLAB program via 

a USB interface for microfluidic device automation. .................................................................................... 36 

Figure 2.3 A GUI for automation of the experimental process (a) Screenshot of the GUI system, depicting 

different functions including (i) camera initialization and control of the xy motorized stage and shutters using 

a configuration file generated by the Micro-Manager software, (ii) control interface of the solenoid valves, 

(iii) automated subroutines for conducting processes such as cell loading, long-term cell division monitoring 

and cell separation, (iv) a display panel for live acquisition and (v) a toolbar providing image acquisition 

saving, zooming and panning operations. (b) Screenshot of a typical cell monitoring experiment showing 

images of cells at different chambers over time. ......................................................................................... 37 

Figure 2.4 Cell growth and viability experiments of CD34+ cells placed in the microscope incubator setup. 

(a) Initial microscope image of CD34+ cells added on a commercial well plate. The cells were automatically 

detected by implementing an image processing algorithm (shown by blue circles). (b) Microscope image of 

CD34+ cells after 96 hours of culture (shown by red circles). The scale bars are 20 µm. (c) Extraction of cell 

numbers from the images in (a) and (b) show the initial number of CD34+ cells (blue) and the number of 

cells after 96 hours of culturing (red). (d) Viability values of the CD34+ cells before (blue) and after 96 hours 

of culture (red). The cell viability significantly decreased after 96 hours due to insufficient CO2 diffusion inside 

the well plates. ............................................................................................................................................. 38 

Figure 2.5 The open-well PDMS microfluidic device. (a) Schematic of the device consisting of 16 

proliferation wells and a common inlet. A 20 µl cell suspension at a concentration of 1 cell/µl is distributed 



9 
 

into the various wells, with each well containing approximately one cell. (b) Image of the open well device 

and microscope image of a single cell captured in one of the wells (inset). The scale bar is 20 µm.......... 39 

Figure 2.6 Proliferation experiments using the open well PDMS device. (a) Microscope image of divided 

Jurkat cells inside proliferation wells after 24 hours of culture. Experiments were conducted with cells 

suspended in CO2-dependent (bottom) and independent (top) medium. The scale bars are 20 µm. (b) 

Viability percentages of Jurkat cells placed inside the open well device after 24 hours. Two experiments 

were conducted with cells suspended in CO2 dependent (orange) and independent (red) medium. The 

viability rate is significantly higher when cells are cultured inside CO2 independent than CO2 dependent 

medium. This highlights that insufficient CO2 diffusion takes place in the PDMS wells. ............................. 40 

Figure 2.7 Schematic of the first-generation device. (a) The four-chamber structure device consists of a 

microfluidic fluidic layer (channels shown in blue) for injecting the cell suspension and a control layer for 

fluid flow manipulation (channels shown in green). The control channels are connected to solenoid valves 

and upon actuation, they work as valves blocking the flow of the fluidic layer, thus creating trapping 

chambers for cells (inset). (b) Microscope image of a single cell trapped inside one of the four chambers. 

The scale bar is 50 µm. ............................................................................................................................... 41 

Figure 2.8 Medium evaporation problem inside the first-generation device. (a) Microscope image of a single 

Jurkat cell trapped inside the chambers after injection. (b) The same area as in (a) is imaged after 8 hours. 

The evaporation of the cell medium can be observed close to the chamber walls (c) Microscope image of 

the same Jurkat cell as in (a) and (b) after 12 hours. The medium inside the chamber is mostly dried out 

and the cell is dead as can be observed in brightfield. The scale bar is 50 µm. ......................................... 43 

Figure 2.9 Schematic of the second-generation device. The device has four proliferation chambers and two 

different areas dedicated to separating and extracting the sister cells after division. ................................. 44 

Figure 2.10 Workflow of the microfluidic single-cell processing system. The process involves parallel 

chambers where cells are trapped and proliferate overnight. Then, through use of the valving system, sister 

cells are separated from each other and then extracted from the device for downstream analysis. The scale 

bars are 50 µm. ........................................................................................................................................... 45 

Figure 2.11 A cell proliferation experiment conducted in the second-generation device. Time-lapse 

microscope images of a trapped K562 cell cluster (a) at t=0, after 12 hours (b), 24 hours (c) and 48 hours 

(d). (e) Cell cluster area growth in a 48-hour experiment. Using a bypass channel structure significantly 

improved the cell proliferation process in the device since several cell divisions and constant growth of the 

cell cluster were observed. The scale bar is 20 µm. ................................................................................... 46 

Figure 2.12 Schematic of the third-generation device. The device consists of 8 individually addressable 

proliferation chambers, a valve-based junction for separation of the sister cells after division and a feedback 

channel that allows relocation of the sister cells after division from the separation area to the cell trapping 

chambers. .................................................................................................................................................... 47 

Figure 2.13 Proliferation experiments in the third-generation devices. (a) Initial and after 18 hours images 

of single 6C2 and T2EC cells trapped in the proliferation chambers. (b) Average proliferation rates of 6C2 

and T2EC cells inside the third-generation device. The scale bar is 50 µm. .............................................. 48 

Figure 2.14 Cell separation and reallocation. (a) Brightfield image of two T2EC cells after division (b) The 

same two T2EC cells after the controlled addition of StemPro Accutase to the proliferation chamber (c) 

Automated reallocation of sister cells to growth chambers for secondary division. The scale bars are 50 µm.

 ..................................................................................................................................................................... 49 

Figure 2.15 Fluorescence imaging of 6C2 cells at different LED powers. Fluorescence images of 6C2 cells 

using 25 mW (blue) (a), 50 mW (green) (b), 100 mW (orange) (c) and 200 mW (red) (d).  (e) The 



10 
 

corresponding fluorescence signal intensities extracted from the images shown on the left. The scale bars 

are 50 µm. ................................................................................................................................................... 50 

Figure 2.16 Laser power optimization. (a) SNR values of the fluorescence signals at different laser powers 

between 25 mW and 200 mW. (b) Variation of the fluorescence intensity of 6C2 cells as a function of time 

using a 50 mW LED power. ......................................................................................................................... 51 

Figure 2.17 Sister cell extraction. (a) A single sister 6C2 cell was monitored using brightfield imaging until 

it reached the extraction well. Fluorescence images of the extraction well before (b) and after the extraction 

of a single sister cell (c). The scale bars are 100 µm. ................................................................................. 51 

Figure 3.1 Real-time fluorescence counting system (RTCS). (a) Schematic of the RTCS, incorporating a 

microfluidic device for plane focusing of cells using a viscoelastic fluid (shown in the inset), a 488 nm laser 

source, a 4X/0.13 N.A. objective, a 530 nm emission filter with a dichroic mirror (470-490 nm reflection / 

508-675 nm transmission bands) and a CMOS image sensor with the readout circuitry for acquiring and 

transferring frame data. (b) Screenshot of the real-time signal processing and particle quantification 

program. The custom-written program (developed in C++) can acquire and process raw sensor data and 

display intensity histograms in real-time and at a rate of up to 500,000 events/second. ............................ 60 

Figure 3.2 Signal processing workflow for the RTCS. (a) Background signal acquired using the CMOS 

sensor. (b) The background signal is smoothed using the cubic spline method, with the fit (shown in red) 

being used to extract scaling coefficients. (c) 10 µm diameter fluorescent bead signals were detected using 

the RTCS. The background signal was subtracted from the raw signal data, intensity peaks were 

subsequently detected, scaled with the coefficients extracted in (b) and counted using a custom-written 

program. (d) A typical intensity histogram for a population of 10 µm fluorescent beads, constructed with 

RTCS. .......................................................................................................................................................... 62 

Figure 3.3 RCTS throughput characterization using 10 µm fluorescent beads. Fluorescent bead signals 

recorded with RTCS at concentrations of (a) 106 beads/ml, (b) 2×106 beads/ml and (c) 4×106 beads/ml. Plots 

represent single-pixel readings of the CMOS image sensor as a function of time. (d) Concentrations higher 

than 4×106 beads/ml resulted in an overlap of bead signals that yields inaccurate concentration 

measurements. (e) Maximum RTCS throughput as a function of bead concentration between 106 and 4×106 

beads/ml. (f) CV of intensity as a function of bead concentration. The dashed line reported the CV of intensity 

as measured with the FC. The range of the CV values (21 to 21.5%) at different bead concentrations were 

consistent with the CV associated with the commercial flow cytometer (22%). .......................................... 64 

Figure 3.4 Optimization of the RTCS exposure time when analyzing fluorescent (HEK) cells at a 

concentration of 106 cells/ml. (a) Variation of HEK cell concentration (measured using the RTCS) as a 

function of exposure time between 6 and 300 μs. Exposure times equal to and above 100 μs yield sufficient 

sensitivity for detecting HEK cells. Concentrations measured with RTCS are in agreement with data 

extracted from conventional flow cytometry (horizontal dotted line) (b) CV of the intensity as a function of 

exposure time between 6 and 300 μs. The CV value increases with exposure time up to 200 μs. Further 

increases in the exposure time results in a lower CV due to the motion blur. (c) A representative intensity 

histogram from HEK cells using a 200 μs exposure time............................................................................ 65 

Figure 3.5 Sensitivity of the RTCS platform. (a) Intensity histograms of the calibration bead populations, 

which have 3,197 MESF units (#1), 22,719 MESF units (#2), 95,426 MESF units (#3) and 333,766 MSF 

units (#4) obtained via flow cytometry. (b) Calibration curve reporting the variation of RTCS-measured 

fluorescent intensities and manufacturer specified MESF values. .............................................................. 66 

Figure 3.6 Lowest intensity bead detection. Beads from the lowest fluorescent intensity bead population 

(#1; 3,179 MESF units) can be discriminated from background using the RTCS. (a) Background signal 



11 
 

originating from an empty channel. (b) Raw RTCS signal originating from a single #1 bead. (c) RTCS signal 

originating from a single #1 bead after background subtraction. ................................................................ 67 

Figure 3.7 RTCS signals for HEK and human glioblastoma (LN229) cells in diluted whole blood. Sensor 

readings of (a) HEK cells (b) LN229 cells spiked into diluted whole blood using a 200 μs exposure time. 
Both samples were assayed for a period of 8 seconds, with single cells being observed as distinct, high-

intensity peaks being above the noise level (3x standard deviation) of our instrument. The background signal 

is subtracted from raw sensor data, and fluorescence intensity peaks of the individual cells are detected 

using the RTCS. .......................................................................................................................................... 68 

Figure 3.8 Rare cell quantification experiments using flow cytometry and the RTCS platform. (a) HEK cells 

spiked into diluted blood at different ratios (1:10000, 1:100000, and 1:1000000) measured by conventional 

flow cytometry (blue) and the RTCS platform (red). (b) Patient-derived circulating tumor cells (LN229 cells) 

spiked into diluted blood at different ratios (1:10000, 1:100000, and 1:1000000) measured by conventional 

flow cytometry (blue) and the RTCS platform (red). The RTCS data shows a correspondence with the flow 

cytometry data for all three spiking ratios. Each bar represents the average of three measurements. ...... 70 

Figure 4.1 Schematic of the microfluidic sorter device. The channels in the flow layer are shown in orange 

and blue, whilst the channels in the control layer are shown in gray. The microfluidic device consists of three 

layers: the fluidic layer #1 which allows the cell sample to flow through the detection area, the fluidic layer 

#2 channels located in the sorting region of the device, between the control and the fluidic layer #1, and a 

control layer to allow cells to flow either towards the waste or the collection outlets. The blood cells (CTCs 

and RBCs) are initially imaged in the detection area and those sorted are directed towards the collection 

outlet, whereas unsorted cells are collected from the waste outlet. ............................................................ 80 

Figure 4.2 Fluorescence sorting system. The system incorporates a multilayer microfluidic device 

connected to a series of solenoid valves, a 488 nm laser source, a 10X/0.30 N.A. objective, a 488 nm 

longpass filter and a custom designed readout circuitry connected to an FPGA board for acquisition, real-

time processing of the fluorescence signals and subsequent sorting of the target cells. ........................... 82 

Figure 4.3 Block diagram of the sensor and readout circuit. (a) Internal block diagram of the S11639 analog 

image sensor including a timing generator, a photodiode array and the corresponding readout circuitry. (b) 

The readout circuit of the S11639 sensor includes digital control signals ST and CLK to control the exposure 

time and frame rate parameters. The analog video signal is the output signal that corresponds to individual 

pixel readings of the image sensor. ............................................................................................................. 84 

Figure 4.4 Voltage amplifier circuit. (a) Circuit schematic of the variable gain and offset voltage amplifier. 

(b) Simulation results of the amplifier circuit, where the red waveform is the square wave input test signal 

and the blue waveform is the output waveform of the amplifier circuit. ...................................................... 85 

Figure 4.5 Circuit diagram of the sorter system. Circuit schematic of the sorting system including the sensor 

readout circuit (shown in red dashed box), variable gain and offset voltage amplifier (shown in yellow dashed 

box) and an FPGA board connected to an ADC and valve control circuit. ................................................. 87 

Figure 4.6 Optimization of enrichment and recovery of particles after the sorting process. (a) enrichment 

factors for different concentrations of fluorescent beads (10, 100 and 1000 beads/ml) obtained after sorting 

of suspensions initially containing each of these concentrations mixed with three non-fluorescent bead 

suspensions (concentrations of 105 (light green), 106 (green) and 107 (dark green) beads/ml). Enrichment 

factors are independent of the non-fluorescent bead concentrations, with enrichment factors >2000 being 

achieved. (b) Recoveries of the different concentrations of fluorescent beads (10, 100 and 1000 beads/ml) 

are >90% in all cases. ................................................................................................................................. 89 



12 
 

Figure 4.7 Flow cytometry scatter plots reporting CTC enrichment after multiple sorting rounds. CTCs 

spiked into diluted blood at a ratio of 1:108 (CTCs to blood cells) were significantly enriched after three 

sorting rounds. Scatter plots of forward scatter vs fluorescence intensity (emission at 525 nm) show the 

percentages of the RBCs and CTCs before sorting (a) and the after the first (b), the second (c) and third 

sorting rounds (d). After three rounds of sorting, we achieved a purity of 72.29%. .................................... 91 

Figure 4.8 CTC viability measurements. Fluorescence intensity histograms of LN229 cells in the control 

sample (a) and the sample collected after first round of sorting (b). Both samples showed similar viability 

values (98.7% and 97.3%), highlighting the fact that the microfluidic sorting system did not introduce 

significant stress on the cells. ...................................................................................................................... 92 

Figure 5.1 Smartphone-based imaging flow cytometer. The smartphone-based imaging flow cytometer 

comprises a microfluidic device, a smartphone, compact optical setup and a pressure pump for the delivery 

of the sample into the microfluidic device. ................................................................................................. 101 

Figure 5.2 Screenshots of the SmartFlow application. (a) The main screen of the SmartFlow application 

includes the “start analysis” function for initializing imaging flow cytometry experiments. (b) The real-time 

analysis screen of the SmartFlow application displays the images captured using the imaging flow cytometer 

and the classification results of the machine learning-based algorithm. ................................................... 102 

Figure 5.3 Output frames obtained from each step of the image processing pipeline. (a) A single raw video 

frame including two cells, (b) The frame after background subtraction operation, (c) The frame after 

binarization using a defined threshold, (d) Holes inside the detected cells are filled, (e) False targets are 

eliminated via image erosion and dilation, (f) Final individual cell images with rectangular bounding boxes 

(shown in red). The scale bar is 20 µm. .................................................................................................... 103 

Figure 5.4 High throughput bead quantification. Raw and processed images for two different bead mixtures 

containing 10 and 15 µm diameter particles (a) and 10 and 12 µm diameter particles (b), acquired using the 

SIFC platform. Comparison of size histograms obtained using the SIFC platform and a high-end commercial 

flow cytometer for the same bead mixtures as used in panels (a) and (b). The scale bar is 20 µm. ........ 105 

Figure 5.5 Workflow of the machine-learning algorithm. The transfer learning technique was implemented 

to generate the machine-learning model for the classification of Jurkat and EL4 cells. The workflow of the 

machine-learning algorithm includes recording of images from both cell populations, retraining the Google 

Inception-v3 model using single-cell images and obtaining the customized model for Jurkat and EL4 cell 

classification. ............................................................................................................................................. 106 

Figure 5.6 Machine learning-based classification. The developed machine learning model was tested using 

three different image sets that originate from pure populations of Jurkat and EL4 cells and a 40:60 mixture 

of the two cell types. (a) Size distribution (left) and classification results of the machine learning model (right) 

for Jurkat cells, (b) Size distribution (left) and classification results of the machine learning model (right) for 

EL4 cells, and (c) Size distribution (left) and classification results of the machine learning model (right) for a 

40:60 Jurkat:EL4 cell mixture. Data indicate that Jurkat and EL4 cells cannot be discriminated via size-

based classification. However, machine learning classification (based on morphological features) is highly 

effective in distinguishing Jurkat and EL4 cells within mixed populations. ............................................... 107 

Figure 6.1 Brightfield imaging of RBC deformability via smartphone imaging flow cytometry. Schematic of 

a microfluidic device that uses constriction channels to deform red blood cells in flow. Stroboscopic 

illumination provides blur free images of cells flowing at high velocity, allowing deformed red blood cell 

images to be extracted for image analysis and assessment of deformability. .......................................... 113 

  



13 
 

List of Tables 

 

Table 3.1 Flow cytometry and RTCS data for HEK 293-spiked blood samples at different spiking ratios 

between 1:10000 and 1:1000000..……………………………………………………………………………...69 

Table 3.2 Flow cytometry and RTCS data for LN229-spiked blood samples at different spiking ratios 

between 1:10000 and 1:1000000………………………………………………………………………………69 

 

 

 

 

 

 

 

 

 

 

 

 



14 
 

List of Equations 

 

4.1.……………………………………………………………………………………………………………………85 

4.2.……………………………………………………………………………………………………………………88 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 



15 
 

Chapter 1 

 

Introduction 

 

Over the last three decades, microfluidic technologies have emerged as outstanding tools for 

investigation of biological and chemical processes. The ability to manipulate and precisely control 

geometrically constrained fluids, typically within fl-nl volumes has transformed the way in which 

chemical and biological experiments can be performed using minimal amounts of sample and 

reagents1. Compared to conventional macroscale-sized instrumentation, microfluidic systems 

offer significant advantages such as reduced reagent consumption, low cost, process integration, 

and system automation. Recently, microfluidic platforms have become powerful tools in single-cell 

manipulation and analysis. Cell heterogeneity (caused by random gene expression, for example) 

is an important biological phenomenon observed in processes such as stem cell division, drug 

metabolism or immune response2. Additionally, the dynamic microenvironment of an individual 

cell can cause variations in intercellular processes. Understanding single-cell heterogeneity within 

a population is an important task and differs from the ensemble measurements performed in 

traditional assays, which only provide population-averaged information. Furthermore, the ability to 

dissect heterogeneity via single-cell measurements has become important when studying 

complex phenomena such as cancer development3, microbial ecology4 and noise in biological 

systems5. Advances in microfluidic technologies now allow researchers to study the inherent 

heterogeneity associated with cellular populations6. In simple terms, microfluidic tools allow the 

robust manipulation (e.g. sorting, trapping, and lysing) and analysis of single cells at high-

throughput. Below, we provide a brief description of some of the most important microfluidic tools 

for single-cell analysis. 
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1.1 Microfluidic Single-Cell Manipulation 

Single-cell manipulations are technically challenging owing to the small size of the majority of 

mammalian and bacteria cells (typically between 1 and 20 µm). Conventional methods for single 

cell analysis are commonly based around flow cytometry and fluorescence-activated cell sorting7. 

Whilst these instruments are able to extract information from cells at high-throughput, they are 

expensive, require large sample volumes, involve elaborate sample pre-treatment and provide 

limited information about intra-cellular structures and processes8. Conversely, microfluidic 

systems can integrate and leverage hydrodynamic, electrical, optical, acoustic or magnetic forces 

to perform a range of manipulations, such as single-cell trapping9, sorting10 and isolation11. This 

in turn, ensures the extraction of large amounts of information in short periods of time. 

1.1.1 Hydrodynamic Methods 

Hydrodynamic methods exploit fluid forces to manipulate cells. Platforms incorporating 

hydrodynamic methods are simple to fabricate, operate at high throughput and cause minimal 

damage to cells12. Hydrodynamic manipulations can be broadly thought of as being inertial, 

viscoelastic or mechanical in nature.  

Inertial microfluidic systems have been widely employed in single-cell analysis, since they operate 

in a passive and high-throughput manner and only require simple channel structures13. Inertial 

focusing of cells allows cells to be manipulated and positioned within a flow, where size-based 

selection can be controlled through variations in the channel geometry and fluid velocity. For 

example, Moon et al. developed a microfluidic platform that uses inertial forces to achieve high 

throughput ordering of beads (Figure 1.1a)14. In this platform, highly concentrated beads 

(containing barcodes) were inertially ordered and then co-encapsulated into droplets with cells for 

single-cell RNA-sequencing. In a related study, a spiral inertial microfluidic device was used to 

isolate cardiomyocytes, with the collected cells then being characterized using real-time 

deformability cytometry15. Inertial microfluidic systems have also been widely used to separate 

and isolate rare cells, such as circulating tumor cells (CTCs), from blood samples. In this regard, 

Papautsky and co-workers16 reported a microfluidic platform based on a size-dependent inertial 

migration effect to separate CTCs with high purity (>87%) (Figure 1.1b). Inertial methods can also 

be combined with active methods such as magnetophoresis for tumor-antigen dependent and 

independent sorting of CTCs17. Additionally, much recent interest has focused on the use of an 

elasto-inertial forces for cell focusing in flow cytometry18. Significantly, elasto-inertial methods 

allow for efficient focusing of cell streams without the need for a sheath flow19. This dramatically 

simplifies experimental workflows and instrumental complexity. Using such an approach, 

mammalian and bacterial cells have been focused using a straight, rectangular cross section 

channel using viscoelastic carrier fluids20. It should be noted that implementation of inertial based 



17 
 

methods for cell ordering is only feasible when using certain cell concentrations, since the 

efficiency of cell manipulation is often reduced by cell-to-cell interactions 

 

Figure 1.1 Examples of inertial single-cell manipulation methods. (a) Schematic of a spiral 

microfluidic device able to order microbeads and then co-encapsulate them in droplets with single 

cells for single-cell RNA measurements14 (b) Illustration of a multi-flow microfluidic device which 

achieves size based CTC separation using inertial migration effects16 (images adapted from the 

corresponding references with permission). 

Mechanical methods normally implement microvalves and microstructures, such as microtraps or 

microwells, for single-cell manipulation. Multilayer soft lithography, pioneered by Quake and co-

workers21, allows the integration of active microvalves within microfluidic systems to precisely 

control fluid flow. These pneumatic microvalves, called “Quake Valves”, basically consist of two 
vertically crossed layers; the control layer and flow layer. The control layer can be located either 

above or below the fluidic layer and forms a deformable film over the intersection. This film can 

be made to deform under an applied pressure resulting in the blockage of the fluidic channel. 

Quake valves can be configured as being either "push-up" (Figure 1.2a) or "push-down" (Figure 

1.2b) in nature, depending on the location of the control layer with respect to the fluidic layer. The 
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choice of push-up or push-down valves will be defined by the particular application. For example, 

push-down valves are more suitable when molecules are patterned or located on a surface, 

whereas push-up valves are widely implemented in cell manipulation experiments, since they are 

less prone to leak. Quake valves small, have short response time (typically ~20 ms) and allow for 

accurate control of fluid flows inside the microchannel environments. However, it should be 

remembered that significant external equipment is needed to control valve actuation, which can 

limit their use in large-scale integrated systems.  

 

Figure 1.2 The two types of Quake valve. Open and closed states for (a) push-up type valves, 

where the control channel is located underneath the flow channel and (b) push-down type valves, 

where the control channel is patterned on top of the flow channel. 

Microtraps and microwells can also be useful in single-cell manipulation studies. Such methods 

only require patterning of microstructures with sizes similar to that of the target cell. Cells can be 

trapped (by shearing forces) as they flow through the microfluidic system. For example, Di Carlo 

et al. introduced a U-shaped microtrap array structure to trap single HeLa cells for monitoring 

single-cell enzyme kinetics22. This structure allowed robust and simple manipulation of single-cells 

without implementing any external equipment. However, it offers reduced flexibility since 

microtraps are designed to trap specific cell sizes. S-shaped microstructures which rely on 

different fluidic resistances at different positions in a microchannel can also be used for single-cell 

trapping23. S-shaped microtrap arrays have also been integrated with a size-based filter structure 

to increase the range of cell sizes that can be processed with a single device. Additionally, Mi et 

al. combined U-shape and S-shape microtraps to pattern single HeLa cells24. Finally, microwells 

can be also be used to perform single-cell manipulations, where cells can be trapped depending 

on the size differences between cells and the microwell structure25. Here, cells are trapped by a 

vortex generated inside the microwell prior to sedimentation.  
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1.1.2 Electrical Methods 

Electrical methods can be used to manipulate cells by exploiting unique electrical properties of the 

cells (e.g. cytoplasmic conductivity). Electrical manipulations can be performed in a label free 

manner, impose small physical pressure on the cell membrane and leverage the fact that electrical 

properties of the cells are often more distinctive than optical or mechanical properties26. The most 

common electrical single-cell manipulation methods are based on either electrophoresis or 

dielectrophoresis. Electrophoretic methods are based on manipulating charged particles such as 

DNA, proteins or cells, where the electrophoretic force will depend on charge, size or mass. 

Electrophoretic methods are used in many clinical applications, such as sickle cell anaemia 

detection27 or bacterial cell type discrimination28. Recent advances in microfluidic technology have 

allowed the integration of electrophoresis modules within microfluidic devices, resulting in 

miniaturized electrophoresis systems capable of single-cell manipulation. For example, Yasukawa 

et al. reported an electrophoretic microfluidic platform for manipulating yeast cells29. The platform 

comprised an electrophoretic isolator and an electrochemical detector, and was successful in 

performing single-cell based gene function analysis. 

Another electrical method used for single-cell manipulations is dielectrophoresis, which relies on 

the dielectrophoretic (DEP) force generated by non-uniform electric fields due to spatial 

gradients30. The DEP force can be used to either attract or repel the cells, with the magnitude of 

the DEP force depending on the cell dielectric properties and the suspension medium, and the 

gradient and frequency of the applied electric field. Dielectrophoresis is widely used in single-cell 

manipulation studies for separation, sorting and trapping. A good example in this regard was 

reported by Taff et al., who introduced a microfluidic platform able to trap microparticles and cells 

within a positive dielectrophoretic-trapping array31. 

1.1.3 Optical Methods 

Optical methods for particle and cell manipulations utilize highly focused laser beams to generate 

optical scattering and gradient forces. Small particles or cells immersed in a fluid exhibit Brownian 

motion due to their random bombardment by the fluid molecules. If these particles are 

simultaneously illuminated by an intense laser, their motion can be strongly modified and 

controlled by such optical forces32. Optical methods have been used in a variety of single-cell 

manipulations, particularly for cell trapping, sorting and separation. For example, Wang et al. 

reported a microfluidic platform integrating optical tweezers and a charge-coupled device (CCD) 

camera to enable high accuracy cell sorting 10. Using this system, yeast and human embryonic 

stem cells were hydrodynamically focused using a sheath flow, captured in an optical trap 

(generated by the optical tweezer) and finally collected from a specific outlet. Optical methods 

offer contactless, contamination-free and non-intrusive manipulation of the single cells. However, 

optical forces are generally weak (on the order of piconewtons). Accordingly, microfluidic platforms 

utilizing optical methods as manipulation tools cannot be operated at particularly high flow rates.  
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1.1.4 Acoustic Methods 

Acoustic waves are widely used for particle/cell manipulations owing to several desirable features 

such as being actively controlled, label-free, operated in non-contact mode and having high 

biocompatibility. In a typical acoustic manipulation, cells are pulled towards pressure nodes or 

antinodes depending on the relative compressibility of the cell and the suspension medium. 

Acoustic manipulation can be achieved either by actuating a piezoelectric material to generate a 

traveling surface acoustic wave (TSAW)33 or patterning electrodes to generate standing surface 

acoustic waves34 (SSAWs). In this regard, Guo et al. used an acoustic cell manipulation system 

incorporating 3D acoustic tweezers (utilizing surface acoustic waves) to generate 3D trapping 

nodes35. Control of the location of such trapping nodes within a microfluidic chamber can be 

achieved by adjusting the phase or power of the acoustic wave, and thus single cells can be picked 

up and translated in a contact-free manner. Although acoustic methods offer the aforementioned 

advantages, they generally complex to make and require complex control equipment, such as 

GHz pulse generators.  

1.1.5 Magnetic Methods 

Magnetic particle manipulations can be achieved when a suspension of magnetic particles is 

subjected to an external magnetic field. Magnetic particles are widely adopted in multiple lab-on-

a-chip (LOC) applications, and can be used for various functions, such as sample capturing, 

purification and transport36. In a biological context, the use of magnetic particles is especially well 

established in immunomagnetic separations. In some cases, the intrinsic magnetic properties of 

cells can be utilized, for example, in discriminating oxygenated and deoxygenated red blood 

cells37. Since most cells have low magnetic permeabilities, this magnetic methods generally 

require that cells be labelled with surface-modified immunomagnetic beads38. This approach 

enables the isolation of small numbers of cells and can be used in a variety of sample matrices 

for cell separation39, trapping40 and sorting41. For example, a microfluidic based magnetophoresis 

device has been employed to sort different types of cells labelled with magnetic tags42. In this 

study, cells flowing through a microfluidic channel were driven towards different outlets by a high-

density magnetic field generated by ferromagnetic strips. Magnetic manipulation methods can also 

be used to isolate rare cells, such as circulating tumor cells (CTCs) from blood and under 

continuous flow43. Furthermore, magnetic manipulation can be combined with other methods 

(such as acoustic tools) to enable hybrid platforms for high throughput cancer cell separation from 

blood44. Although magnetic manipulation is a reliable and biocompatible technique for single cell 

manipulation studies, the weak magnetic properties of the most cells means that magnetic tagging 

is almost always required. 



21 
 

1.2 Detection Methods for Microfluidic Single-Cell Analysis 

As previously mentioned, to fully understand cell-to-cell variability, a complete analysis of an 

individual cell, from its live state to cell lysates, is essential. In this regard, the detection method 

must be sensitive, applicable to multiple species and high throughput in nature. Recently, several 

analytical techniques have been developed and integrated with microfluidic technologies to 

achieve complex multiparametric assessments in cellular analysis45. We now discuss some of the 

most commonly used detection approaches for microfluidic single-cell analysis. 

1.2.1 Fluorescence Detection 

Fluorescence-based detection methods offer exquisite sensitivity, low limits of detection and 

ultrafast operation. Fluorescence is the most widely used detection method in microfluidic 

experimentation. Fluorescence labels can be easily integrated into biochemical assays and have 

been used to great effect in single-cell and single-molecule studies. Both fluorescence imaging46 

and single point detection schemes47 can be used in microfluidic and flow cytometric platforms for 

single cell analysis48. Laser-induced fluorescence (LIF) involves the optical excitation of (intrinsic 

or extrinsic) fluorophores located either on the surface of or inside cells. Fluorescence photons 

are subsequently collected using integrated or free-space optics and detected using charge-

coupled devices (CCDs), avalanche photodiodes (APDs) or photomultiplier tubes (PMTs). For 

example, Diebold and co-workers reported a high-throughput fluorescence imaging technique 

based on radiofrequency-tagged emission that maps image information to the radiofrequency 

spectrum. In this work, Syto16-stained human breast carcinoma cells flowing inside a microfluidic 

channel were imaged under flow at a throughput of 50,000 cells per second. It should be noted 

that LIF-based detectors are simple to multiplex49, but normally require the use of external 

components (such as optics, lasers and microscopes) that can limit portability and decrease cost-

effectiveness. To address this issue, Joo and co-workers reported a portable microfluidic flow 

cytometer, comprising a simple optical setup and a solid-state photomultiplier. Here, fluorescence 

detection was combined with impedance measurements to quantify human embryonic 

kidney (HEK) cells50. 

1.2.2 Imaging Flow Cytometry  

Imaging flow cytometry (IFC) is a method that enables medium- or high-throughput imaging of 

cellular populations. IFC combines the high-throughput nature of conventional flow cytometry with 

the enhanced sensitivity and imaging capabilities of an optical microscope, providing for significant 

improvements in both information content and information retrieval rates51. In recent years, IFC 

has been employed in single-cell analysis, with a view to providing morphological information 

about cells and sub-cellular structures52. Unfortunately, the analytical throughput of conventional 

imaging flow cytometers (most notably the Amnis ImageStream® system) is typically limited to 

https://www.sciencedirect.com/topics/engineering/photomultiplier
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5,000 cells/s at 20× magnification53. Accordingly, recent efforts have leveraged the capabilities of 

microfluidic-based imaging flow cytometers to provide for significantly higher throughputs. For 

example, Goda and co-workers54 presented an optomechanical imaging method that can reach 

throughputs higher than 10,000 cells/s with a spatial resolution of ~700 nm (Figure 1.3a). Using 

this method, cell images were acquired by “virtually freezing” the motion of cells under flow to 

achieve a 1000-fold exposure time improvement. In a related study, an ultra-fast laser-scanning 

confocal system was used to extract fluorescence images of blood cells, hydrodynamically 

focused in a microfluidic channel at 16,000 frames/s rate. Additionally, portable imaging flow 

cytometers can be combined with novel machine-learning approaches to perform label free 

morphology-based diagnosis of cancer cells, in diseases such as colon cancer55 or Sézary 

syndrome56 (Figure 1.3b). 

One of the bottlenecks in IFC is the acquisition, processing and storage of large amounts of cell 

images. IFC data are more complex to handle than conventional flow cytometry data. Assuming 

a throughput of 10,000 cells per second and an image size of 100 x 100 pixel for each cell image, 

tens of gigabytes of data can be generated in a few minutes. Fortunately, analog data compressing 

methods57 and machine learning techniques58 have been introduced to address this issue. Finally, 

it should be noted that integrating IFCs with active sorting systems is challenging due to the 

requirements of fast real-time image analysis and processing. Recently, Field-programmable gate 

array (FPGA) or Graphics Processing Unit (GPU) based approaches have been used to improve 

the capabilities of IFC-based sorting systems59,60.  
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Figure 1.3 Examples of different imaging flow cytometers recently reported in the literature. 

(a) A high-throughput (>10,000 cells/s) microfluidic imaging flow cytometry based on extracting cell 

images by virtually freezing the motion of cells under flow54. (b) A low-cost imaging flow cytometry 

utilizing a weakly supervised deep learning algorithm for the diagnosis of healthy and Sézary 

syndrome diseased patients56 (images adapted from the corresponding references with permission). 
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1.2.3 Mass Spectrometry Analysis 

Mass spectrometry is based on the measurement of the mass-to-charge ratio of molecular species 

in a sample. Accordingly, mass spectrometry can be utilized to identify unknown compounds, 

quantify known compounds and determine molecular structure61. Mass spectrometry has recently 

emerged as a powerful tool for single cell analysis, due to its label free nature and ability to detect 

multiple species within complex mixtures. Additionally, both selectivity and sensitivity (in single-

cell analysis) can be achieved by combining mass spectrometry with microfluidic technologies. 

For example, Gebreyesus and co-workers integrated a microfluidic device with mass 

spectrometric detection for single-cell proteomic analysis62. The microfluidic device offers 

multiplexed cell isolation, counting and sample processing, with over 1,500 protein groups being 

profiled from 20 single cells. 

1.2.4 Electrical Analysis 

Electrical properties of cells can provide important information about physiological states, such as 

membrane conductance and capacitance63. For example, bacteria infected cells can have variable 

cytoplasm conductivities and/or resistances. Recently, several microfluidic platforms incorporating 

electrorotation64, impedance flow cytometry65 and micro-electrical impedance spectroscopy 

(µEIS)66 have been employed for the analysis of single cell electrical properties . For example, 

Zhong et al. developed an impedance-based approach for cell viability assessment at a throughput 

of over 1000 cells per min67. In another study, an impedance analysis system was integrated with 

droplet-based microfluidics to monitor stem-cell differentiation68. Electrical methods provide for 

label-free analysis, but exhibit low-throughputs compared to conventional flow cytometry systems. 

1.3 Thesis Structure 

This thesis presents a variety of microfluidic platforms for single-cell manipulations and analyses. 

In Chapter 2, we describe the development of a valve-based microfluidic system for studying 

decision-making processes in cells by tracking their lineage over multiple generations and at the 

single-cell level. The system can trap multiple single cells inside parallel "growth" chambers, 

isolate "sister" cells after division and extract them for downstream transcriptome analysis. 

Chapter 3 presents a high-throughput real-time fluorescence cytometer comprising a microfluidic 

device and a complementary metal-oxide-semiconductor image sensor-based detection system. 

This platform allows for real-time quantification of fluorescent species (such as particles and cells) 

at a throughput of up to 500,000 events per second. In Chapter 4, we combine this detection 

platform with a valve-based microfluidic system to achieve a high-throughput fluorescence-

activated cell sorting platform for the enrichment of rare cells such as CTCs. Chapter 5 

demonstrates a smartphone-based portable imaging flow cytometer integrating a smartphone with 

simple optics and a microfluidic device. The smartphone-based portable imaging flow cytometer 
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is capable of enumerating single cells in flow and identifying cell morphological features in real-

time. Chapter 6 concludes the thesis by providing some future research directions.  
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Chapter 2 

 

An Image-Guided Microfluidic System 

for Single Cell Lineage Tracking 

 

Cell lineage tracking is a long-standing, open problem in biology. Microfluidic technologies have 

the potential to address this problem, due to their ability to manipulate single cells in a rapid and 

efficient manner. When coupled with traditional imaging approaches, these systems offer a robust 

means of following cellular trajectories over time, but require experimental platforms that can 

reliably link measurements to downstream single-cell gene expression profiles. In this chapter, we 

present a valve-based microfluidic system able to probe the decision-making process of single 

cells, by tracking their lineage over generations. The system is able to trap single cells inside 

"growth" chambers, isolate "sister" cells after division and extract them for downstream 

transcriptome analysis. The setup incorporates cell manipulation steps, image processing-based 

automation for cell loading and cell-growth monitoring, reagent addition and device washing. 6C2 

(chicken erythroleukemia cell line) and T2EC (chicken erythrocytic progenitors) cells were tracked 

inside the microfluidic device over three generations, with a cell viability rate in excess of 90% 

being achieved. Sister cells were successfully isolated after division and extracted from the device 

in a 500 nl volume, which is compatible with downstream RNA sequencing analysis. 
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2.1 Introduction 

Cells are the basic building blocks of a living organism. They consist of highly complex and 

organized structures responsible for harvesting and utilizing energy, carrying out chemical 

reactions and performing mechanical activities1. One of the biggest challenges in contemporary 

biology is understanding the decision-making processes of cells2. Basic cell behaviors include 

environmental sensing, processing data using an internal network, and reaching decisions based 

on these “measurements”3. Modeling the behavior of the cells under different environmental 

conditions is difficult due to their highly complex internal molecular networks4. Therefore, 

predicting the state transitions of a cell remains a difficult challenge. This is significant since the 

ability to model and track cells can be crucial in answering fundamental questions in cell biology. 

Understanding subcellular mechanisms can provide crucial information about the state transitions 

inside cells, and in principle allow the generation of artificial systems that mimic cellular behavior. 

Tracking hematopoietic stem cells (HSCs) for downstream analysis holds great potential in 

understanding decision-making mechanisms during cell differentiation5. Cellular differentiation 

can be viewed as a dynamic process and can be visualized as "moving particles" in a cell state 

space6,7. States can be represented by gene expression levels, so that cells will change their 

states (moving through a landscape) based on gene expression values. According to this theory, 

cells can move towards the differentiated states by increasing their gene expression variability4,8. 

Accordingly, both qualitative and quantitative analysis of this variability (before and during the 

differentiation process) at the single-cell level is crucial in investigating gene regulatory network 

response.  

Classical explanations regarding the molecular mechanisms that control the fate of the cells are 

based on population-cell aggregate measurements9. These approaches assume that cell 

populations are homogenous. However, HSCs have heterogeneous phenotypes; thus, gene 

expression variabilities will always exist amongst individuals (cells) in a given population10. Such 

cell-to-cell differences exist even between sister cells upon division and cause behavioral 

differences11. For example, long cell cycle times observed in HSCs are associated with higher 

self-renewal activity12. Therefore, tracking stem cells at the single cell level and monitoring their 

lineage over divisions is essential in understanding the decision-making process. 

Cell cultures are traditionally performed using flasks, petri dishes or well plates, with a specific cell 

medium being used to preserve cells over an extended period of time (multiple days). Traditional 

cell culturing has many advantages, including robust and standardized cell culturing protocols, 

straightforward operation, easy scale-up of experiments, and the ability to monitor and control 

environmental conditions over time13. However, interactions between cells and with their 

surrounding medium, which are crucial in understanding cell functionalities, cannot be studied or 

controlled14. The reason for this is that a cell's response to a specific stimulus or environmental 
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change cannot be easily tracked. Additionally, coupling traditional cell culture approaches with 

imaging or analysis methods is challenging, making real-time monitoring of the cells difficult to 

achieve. Accordingly, tracking stem cells at the single-cell level within traditional cell cultures is far 

from simple. 

As an alternative traditional platforms, microfluidic technologies have been shown to be powerful 

tools in single-cell studies15. In contrast to their conventional cousins, microfluidic tools are adept 

at performing single-cell manipulations16. Accordingly, monitoring single-cell lineages and 

analyzing the differences between sister cells upon division becomes possible. Additionally, 

microfluidic systems are well-suited to controlling and varying environmental conditions in a 

precise manner, and since they can be easily integrated with sensitive optical detection systems 

and imaging modalities, time-course experiments for long-term tracking are also possible17. At a 

basic level, microfluidic cell culture systems have many advantages over conventional cell culture 

methods, including low reagent consumption, multiplexing capabilities and easy automation of the 

cell culture tasks13. Recently, several microfluidic-based cell culture systems have been developed 

for tracking stem cell lineage. For example, Kimmerling et al. developed a parallel micron-sized 

trap structure for tracking the lineage of murine CD8+ T-cells and lymphocytic leukemia cell lines5. 

In this study, cells trapped in individual hydrodynamic traps were proliferated in a serpentine-

shaped parallel microchannel network. Then, divided sister cells were separated from each other 

using a fluid flow through the traps and extracted from the device outlet. This device allows multi-

generation stem cell lineage tracking. However, fluid flow conditions and the hydrodynamic traps 

were optimized for only specific cell sizes; therefore, the device must be repeatedly redesigned to 

assay different cell types. Another drawback of this system is that it is not possible to address the 

divided cells independently; thus, extracting specific sister cells from the device is challenging. 

There are other microfluidic approaches that can track and extract specific cells from culture18, but 

the extraction volume is often too large (a few microliters) to be compatible with downstream 

analysis. Other methods, such as the Polaris system9, allow single-cell transcriptomic 

measurements, but it is impossible to track the cell lineage over multiple generations. Therefore, 

there is still a pressing need for an automated microfluidic-based platform that can combine cell 

lineage tracking and single-cell extraction at low volumes of <1µL. To this end, we report the 

design, fabrication and development of an automated image-based microfluidic platform for 

tracking single-cell lineage. Essential characteristics of the system include: (i) the integration of a 

microfluidic chamber array for single-cell trapping, (ii) the ability to monitor of cell growth, (iii) the 

ability to separate sister cells after division, (iv) easy reallocation of sister cells to allow monitoring 

of second and third division events and (v) extraction of the cells for downstream analysis. 
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2.2 Experimental Setup 

2.2.1 Microscope Incubator Setup 

To monitor in vitro cell proliferation environmental conditions must be mimicked under a 

microscope placed inside an incubator. Therefore, an inverted microscope (Eclipse Ti-E, Nikon, 

Egg, Switzerland) was enclosed in a custom-designed Makrolon incubation box (Life Imaging 

Services, Basel, Switzerland) to provide the optimum proliferation conditions for the cells (5% CO2, 

95% humidity, 37oC) (Figure 2.1). The box was connected to an air heating device with precise 

temperature control (Life Imaging Services, Basel, Switzerland). An in-house CO2 chamber 

connected to a 5% CO2 mixture tank (PanGas, Dagmersellen, Switzerland) with electronic flow 

control (Red-y, Vögtlin Instruments GmbH, Muttenz, Switzerland) was attached to the 

microfluidic device, which was placed on a motorized xy translation stage (Mad City Labs GmbH, 

Kloten, Switzerland). An optical shutter controlled by an automation system (ProScan III, Prior 

Scientific Instruments GmbH, Jena, Germany) was used to regulate the light exposure. A scientific 

complementary metal-oxide-semiconductor (sCMOS) camera (pco edge, PCO GmbH, Kelheim, 

Germany) in conjunction with a 10X/0.3 NA objective (Plan Fluor, Nikon, Egg, Switzerland) was 

used to image the cells for periods of between 24 and 48 hours. A pressure-based flow controller 

(Flow EZ™, Fluigent Deutschland GmbH, Jena, Germany) was used to drive the cells and the 
reagents into the microfluidic device. Solenoid valves (MH1, Festo AG, Lupfig, Switzerland) were 

incorporated into the microfluidic device to manipulate the cells and automate the whole 

experimental process via a custom-developed MATLAB® code.  
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Figure 2.1 Images of the experimental setup. The setup consists of a microscope incubator with 

temperature and CO2 control, an inverted microscope, solenoid valves controlled via a custom-

designed PCB circuit connected to an Arduino board, and a pressure pump for the precise control of 

the flowing cells inside the microfluidic chip. 

In order to control the solenoid valves, an Arduino board (Due, Distrelec Schweiz, Nänikon, 

Switzerland) based control system was developed. The core functionality of this system was to 

control the solenoid valves digitally using the USB-connected Arduino board and custom-

developed automation software written in MATLAB®. Digital output pins of the Arduino board can 

supply a maximum current of 15 mA, which is insufficient to drive the solenoid valves that require 

50 mA of operating current. Therefore, a bipolar junction transistor (BJT) (BC 337, Distrelec 

Schweiz, Nänikon, Switzerland) that can be used as a current amplifier was designed, as shown 

in Figure 2.2. BJTs are advantageous because of their high current gain and high-speed (>1 MHz) 

switching capabilities. A flyback diode (1N4007, Distrelec Schweiz, Nänikon, Switzerland) was 

also connected in parallel to the solenoid valves to protect the circuit from accidental voltage 

spikes induced by the coil inside the valve. 24 parallel amplifier circuits were designed to operate 

24 valves independently and the inputs of the amplifier circuits were connected to the Arduino 

board to provide a digital control. 
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Figure 2.2 Valve controller circuit. An Arduino board-based valve controller circuit was used to 

control 24 solenoid valves individually. The controller circuit was connected to a custom-written 

MATLAB program via a USB interface for microfluidic device automation. 

2.2.2 Automated Control Program 

As mentioned, one of the core aims of the system was to realize a fully automated platform for 

single-cell monitoring during proliferation. In this regard, a custom MATLAB® program 

implementing a graphical user interface (GUI) was developed to automate the experimental 

process (Figure 2.3). The program provided control over the various cell manipulation steps, such 

as the number of cells loaded into the chip, cell growth monitoring and reagent addition. These 

processes were performed by the sequential operation of on-chip integrated valves after feedback 

from an image processing algorithm. More specifically, the status of the cells in each individual 
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chamber can be imaged/tracked in real-time and the image processing software can automate 

subsequent experimental operations, from cell loading to single-cell extraction, providing 

commands to the valves. Additionally, the program can control camera settings, including 

exposure time, frames per second and acquire time-lapse images of the individual cell-growth 

chambers for post-processing. 

 

Figure 2.3 A GUI for automation of the experimental process (a) Screenshot of the GUI system, 

depicting different functions including (i) camera initialization and control of the xy motorized stage 

and shutters using a configuration file generated by the Micro-Manager software, (ii) control interface 

of the solenoid valves, (iii) automated subroutines for conducting processes such as cell loading, 

long-term cell division monitoring and cell separation, (iv) a display panel for live acquisition and (v) 

a toolbar providing image acquisition saving, zooming and panning operations. (b) Screenshot of a 

typical cell monitoring experiment showing images of cells at different chambers over time. 

2.3 Cell Viability Experiments 

2.2.1 Bulk Experiments 

As noted, optimal environmental conditions (5% CO2, 95% humidity and 37oC) were required to 

ensure successful cell proliferation. To optimize the proliferation conditions inside the microscope 

incubator setup, bulk experiments were first performed using CD34+ (hematopoietic stem cell) 

cells. The cells were cultured in a commercial 6-well cell culture plate (Thermo Fischer Scientific, 

Basel, Switzerland) at a concentration of 2×105 cells/ml and placed into the microscope incubator 

setup for monitoring cell growth over 96 hours. The initial and final states of the cells were analyzed 

using a custom-developed image processing routine (Figure 2.4a and b).  
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Figure 2.4 Cell growth and viability experiments of CD34+ cells placed in the microscope 

incubator setup. (a) Initial microscope image of CD34+ cells added on a commercial well plate. The 

cells were automatically detected by implementing an image processing algorithm (shown by blue 

circles). (b) Microscope image of CD34+ cells after 96 hours of culture (shown by red circles). The 

scale bars are 20 µm. (c) Extraction of cell numbers from the images in (a) and (b) show the initial 

number of CD34+ cells (blue) and the number of cells after 96 hours of culturing (red). (d) Viability 

values of the CD34+ cells before (blue) and after 96 hours of culture (red). The cell viability significantly 

decreased after 96 hours due to insufficient CO2 diffusion inside the well plates. 

Cell viability rates were determined by observing both the size and morphology of cells in a given 

population. The initial viability of the cells was measured to be higher than 90%; however, after 96 

hours, the viability was dramatically decreased to 60% (Figure 2.4d). Due to division, the number 

of cells was increased by 18%, significantly lower than the amount (90-100%) obtained when 

CD34+ cells were cultured in a conventional incubator (bio incubator). Additionally, the viability 
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rate was higher than 90% for the CD34+ cells cultured in the bio incubator. Accordingly, it was 

concluded that conditions inside the microscope incubator were not optimal for cell proliferation 

studies. 

2.2.2 Open Well Microfluidic Devices 

To investigate the non-optimal environmental conditions (CO2, temperature and humidity) inside 

the microscope setup, a simple 16-well polydimethylsiloxane (PDMS) device was designed and 

fabricated. This is similar in concept to a typical commercial aliquotor device (e.g. Innovative 

Biochips LLC, Houston, USA). The device had one, 2 mm diameter, main inlet and sixteen, 1 mm 

diameter, cell proliferation wells (Figure 2.5a). Each well had approximately 1 µl of working 

volume, so the injection of a 20 µl cell solution at a concentration of 1 cell/µl resulted in having 

between 1 and 2 cells per well (Figure 2.5b). The open well structure was implemented to increase 

CO2 diffusion rates, which is crucial for cell proliferation and maintaining the pH level of the 

surrounding medium. 

 

Figure 2.5 The open-well PDMS microfluidic device. (a) Schematic of the device consisting of 16 

proliferation wells and a common inlet. A 20 µl cell suspension at a concentration of 1 cell/µl is 

distributed into the various wells, with each well containing approximately one cell. (b) Image of the 

open well device and microscope image of a single cell captured in one of the wells (inset). The scale 

bar is 20 µm. 

To assess proliferation rates inside the device, 20 µl of a Jurkat cell suspension at a concentration 

of 1 cell/µl were loaded into the microfluidic device. The device was placed inside the microscope 

incubator setup and proliferation wells occupied by cells were imaged over 24 hours using time-

lapse imaging. Another device under the same cell loading conditions was placed into the bio 

incubator as a control. After 24 hours, very low cell proliferation rates (<20%) were observed in 
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both the devices placed in the microscopy setup and the bio incubator. It should be noted that the 

proliferation rate was calculated using the increase in the cell number after 48 hours. A possible 

reason for such low proliferation rates in both systems was insufficient CO2 diffusion into the 1 µl 

volume microfluidic wells. To address this issue, the same experiment was repeated on the 

microscope incubator with Jurkat cells cultured in a CO2-independent medium (Thermo Fischer 

Scientific, Basel, Switzerland) and observed for 24 hours. Figure 2.6a shows cells suspended in 

a CO2-dependent (bottom) and independent (top) medium. When using the CO2-dependent 

medium, proliferation rates above 90% were routinely achieved for more than two generations 

(Figure 2.6a). Additionally, cell viability was significantly higher after 24 hours when compared to 

a CO2-dependent medium (Figure 2.6b). 

 

Figure 2.6 Proliferation experiments using the open well PDMS device. (a) Microscope image of 

divided Jurkat cells inside proliferation wells after 24 hours of culture. Experiments were conducted 

with cells suspended in CO2-dependent (bottom) and independent (top) medium. The scale bars are 

20 µm. (b) Viability percentages of Jurkat cells placed inside the open well device after 24 hours. Two 

experiments were conducted with cells suspended in CO2 dependent (orange) and independent (red) 

medium. The viability rate is significantly higher when cells are cultured inside CO2 independent than 

CO2 dependent medium. This highlights that insufficient CO2 diffusion takes place in the PDMS wells. 

2.4 First Generation Device 

2.4.1 Design and Fabrication  

After achieving high proliferation rates (95%) with the open well device, a two-layer device was 

fabricated to trap and proliferate cells in a controlled manner. The core elements controlling fluid 
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flow within the microfluidic device were polydimethylsiloxane (PDMS) pneumatic microvalves 

similar to those introduced in 2000 by Quake and co-workers19. The microfluidic device consists 

of a control layer and a fluidic layer, each consisting of a group of channels. The control layer is 

located above or underneath the fluidic layer and can be deformed, with applied pressure resulting 

in the blockage of the fluidic channel. Such “Quake valves” can be designed in a "push-up" or 

"push-down" type depending on the location of the control layer with respect to the fluidic layer. 

Push-up valves are more desirable for applications involving eukaryotic cell manipulation in 

deeper fluidic channels, whereas push-down valves are more suitable, for example when 

molecules are patterned on a glass slide 20. In the current case, we used a push-up valve structure, 

since the device was exclusively intended for culturing and manipulating eukaryotic cells. 

The control layer containing water is pressurized using solenoid valves and thus, trapping cells in 

the fluidic chambers can be achieved. The device consists of four parallel chambers having 

dimensions of 400 μm x 400 μm, which can be independently controlled with the control valves. 

Cells were loaded into the device and trapped inside the chambers by closing the control valves 

(Figure 2.7a and b). The device was designed using AutoCAD 2019 (Autodesk, San Rafael, USA) 

and printed onto photolithographic masks (Micro Lithography Services Ltd., Chelmsford, UK). 

 

Figure 2.7 Schematic of the first-generation device. (a) The four-chamber structure device 

consists of a microfluidic fluidic layer (channels shown in blue) for injecting the cell suspension and a 

control layer for fluid flow manipulation (channels shown in green). The control channels are 

connected to solenoid valves and upon actuation, they work as valves blocking the flow of the fluidic 

layer, thus creating trapping chambers for cells (inset). (b) Microscope image of a single cell trapped 

inside one of the four chambers. The scale bar is 50 µm. 

The 15 µm deep control layer was fabricated by standard photolithographic techniques. SU-8 2010 

photoresist (Micro Resist Technology, Berlin, Germany) was spin-coated on a 5-inch diameter 

silicon wafer (Siegert wafer GmbH, Aachen, Germany). Spin speed was set to 2000 rpm, which 
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resulted in a 15 µm resist layer thickness. The spin-coated wafer was baked on a hot plate at 65°C 

for one minute and 95°C for four minutes. Channel patterns in the mask were transferred to the 

SU-8 coated wafer after 30 seconds of UV exposure. Subsequently, the wafer was baked on a 

95°C hot plate for four minutes to facilitate the cross-linking of the exposed SU-8 photoresist. The 

patterned structures were developed using mr-Dev 600 Developer solution (Micro Resist 

Technology, Berlin, Germany), which removes the unexposed regions. Finally, the wafer was 

thoroughly rinsed with isopropyl alcohol and water, followed by drying with pressured air. The 

fabricated mold was then hard-baked at 150°C on a hot plate for 10 minutes.  

For fluidic layer fabrication, AZ40XT photoresist was spin-coated (Micro Resist Technology, Berlin, 

Germany) on a 5-inch diameter silicon wafer (Siegert wafer GmbH, Aachen, Germany). The spin 

speed was set at 1600 rpm, which resulted in a 25 µm-thick resist layer. The spin-coated wafer 

was then baked at 126°C on a hot plate for seven minutes. Channel patterns in the mask were 

transferred to the wafer after 100 seconds of UV exposure. After exposure, the wafer was left 

inside a closed vessel containing wet towels for 8 hours. This rehydration step was essential to 

prevent cracks and bubbles forming within the resist layer. The rehydrated wafer was post-baked 

on a 105°C hot plate for 100 seconds to facilitate the cross-linking process of the exposed AZ40XT 

photoresist. The patterned structures were developed using AZ 300 MIF Developer solution (Micro 

Resist Technology, Berlin, Germany), which removes the unexposed regions. The wafer was 

thoroughly rinsed with water, followed by drying with pressured air. A circular channel structure 

was necessary to operate the valves with minimum leakage. Therefore, the developed wafer was 

baked on a 142°C hot plate for two minutes to allow the re-flow of the developed rectangular 

channel structures.  

Fabricated molds were placed into a desiccator containing a beaker of chlorotrimethylsilane 

(Sigma-Aldrich, Buchs, Switzerland) solution and incubated for 2 hours at a pressure of 150mbar. 

The process of mould functionalization with chlorotrimethylsilane aids in peeling the cured PDMS 

from the mould. PDMS mixtures were prepared at 20:1 and 5:1 (wt/wt) PDMS base to curing agent 

(Sylgard 184, Dow Corning, Midland, USA) ratios when fabricating the control and fluidic layer, 

respectively. Both mixtures were first degassed in a desiccator for 30 minutes. Then the 5:1 

mixture was poured onto the fluidic layer mould and the 20:1 mixture was spin-coated at 2600 rpm 

on the control layer mould for 40 seconds. Then, both wafers were put into a 70°C oven for 45 

minutes. Cured PDMS was peeled off from the fluidic layer mould and individual devices were 

diced. The diced devices were manually aligned with the control layer under a stereoscope.  

The aligned devices were cured in a 70°C oven overnight, allowing the layers to bond together 

through the diffusion of the curing agent from the fluidic to the control layer. The cured devices 

were diced using a scalpel and access ports (0.76 mm diameter) were punched using a hole 

puncher (Syneo, West Palm Beach, USA). The devices were bonded on glass slides after 

exposing both surfaces to an oxygen plasma (EMITECH K1000X, Quorum Technologies, 
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Laughton, United Kingdom) for 1 minute. Finally, bonded devices were left on a hot plate at 120°C 

for 2 hours to strengthen the bonding.  

2.4.2 Results and Discussion 

To assess the viability of cells inside the first-generation microfluidic device, we used Jurkat cells 

suspended in the CO2-independent medium at a concentration of 106 cells/ml. Before loading cells 

into the device, they were centrifuged at 1200 rpm and resuspended in a fresh medium to remove 

cell debris and dead cells, which can potentially block the microfluidic channels. To achieve sterile 

conditions, the device was autoclaved (Systec VX-75, Systec Schweiz GmbH, Cham, Switzerland) 

and the device tubing exposed to UV light for 30 minutes. Through the use of a pressure pump, 

cells were delivered into the device at 10 mbar pressure and trapped inside the fluidic layer 

chambers created by the actuation of control valves (Figure 2.7b). To measure single-cell viability 

rates inside the chambers, experiments were conducted for 24 hours by acquiring time-lapse 

images every 5 minutes (Figure 2.8). Single cells trapped inside the chambers were initially 

imaged as shown in Figure 2.8a. Medium evaporation inside the chambers became visible after 

8 hours (Figure 2.8b) and after 12 hours, it was essentially gone, resulting in cell death (Figure 

2.8c). Medium evaporation was induced by the temperature environment of 37°C in combination 

with the porous structure of PDMS.  

 

Figure 2.8 Medium evaporation problem inside the first-generation device. (a) Microscope 

image of a single Jurkat cell trapped inside the chambers after injection. (b) The same area as in (a) 

is imaged after 8 hours. The evaporation of the cell medium can be observed close to the chamber 

walls (c) Microscope image of the same Jurkat cell as in (a) and (b) after 12 hours. The medium inside 

the chamber is mostly dried out and the cell is dead as can be observed in brightfield. The scale bar 

is 50 µm. 

The results of this study showed that chamber devices of 400 μm x 400 μm were insufficient to 

prevent medium evaporation. Thus, it became evident that constant medium circulation is required 

to maintain the medium volume inside the chambers throughout the long-term experiments. To 

address these issues, a second-generation device was designed and fabricated. 
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2.5 Second Generation Device 

To conduct a single cell proliferation experiment, single cells located inside the trapping chambers 

must be in contact with the medium (Figure 2.9). Single cells can be trapped inside these 

chambers via the aid of control valve 1 (left valve on the trapping chamber), which upon actuation 

it blocks fluid flow entering the trapping region (Figure 2.9 bottom left inset). In such a situation, 

providing medium to the cells can be accomplished through the combination of bypass flow 

channels added to both sides of each chamber and the opening of control valve 2 (the right valve 

in the trapping chamber). This whole process starts with a primary medium flow, firstly divided into 

many bypass flow paths. The fluid flow in these bypass channels is controlled using control valves, 

which were kept open to maintain a constant circulation of fresh medium around the cell trapping 

chambers. With control valve 2 being in an open state, medium which is constantly circulated in 

the bypass channels can diffuse to the trapping chambers (Figure 2.9 bottom left inset). 

Separation and extraction areas were also integrated into the device as shown in the middle and 

right part of Figure 2.9. More specifically, after division, sister cells flow into the separation area 

that incorporates two control valves. Actuating one of these valves will allow one of the cells to 

flow towards the extraction area, while the other cell will remain trapped (Figure 2.9 bottom 

middle inset). The extraction area includes eight independently addressable, 1 mm diameter and 

3 mm depth open wells for the collection of sister cells (Figure 2.10 right part).  

 

Figure 2.9 Schematic of the second-generation device. The device has four proliferation 

chambers and two different areas dedicated to separating and extracting the sister cells after division. 



45 
 

Images in Figure 2.10 depict the entire workflow of the single cell proliferation process that takes 

place in the second-generation device, which comprises trapping of a single cell inside a growth 

chamber, cell growth and division, separation of the sister cells after division and extraction of the 

individual sister cells for downstream transcriptome analysis. 

 

Figure 2.10 Workflow of the microfluidic single-cell processing system. The process involves 

parallel chambers where cells are trapped and proliferate overnight. Then, through use of the valving 

system, sister cells are separated from each other and then extracted from the device for downstream 

analysis. The scale bar is 50 µm. 

A key aspect of this second-generation device is the integration of bypass channels as a source 

of medium for a successful single-cell proliferation experiment. To investigate the efficiency of the 

bypass channel structure as a medium provider in the trapping chambers, a cell cluster consisting 

of 5 K562 (chronic myelogenous leukemia) cells was trapped in the chamber and monitored for 

48 hours (Figure 2.11a-d). Fresh cell medium was constantly pumped at 30 mbar pressure 

through the device, which resulted in a 200 µl/h medium circulation rate. The observation of a 

constantly growing cell cluster over 48 hours was indicative of a successful cell proliferation 

process, thus demonstrating that this device solves the issues of evaporation related to the first-

generation device (Figure 2.11e). Using this approach cell divisions were routinely achieved for 

more than two generations and the initial cluster of 5 cells proliferated to 24 cells. (Figure 2.11a-

d). 
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Figure 2.11 A cell proliferation experiment conducted in the second-generation device. Time-

lapse microscope images of a trapped K562 cell cluster (a) at t=0, after 12 hours (b), 24 hours (c) 

and 48 hours (d). (e) Cell cluster area growth in a 48-hour experiment. Using a bypass channel 

structure significantly improved the cell proliferation process in the device since several cell divisions 

and constant growth of the cell cluster were observed. The scale bar is 20 µm. 

2.6 Third Generation Device 

After implementing the bypass flow structure in the second-generation device, third-generation 

devices with eight chambers were designed and fabricated for long-term monitoring and tracking 

of sister stem cells over two generations (Figure 2.12). The key modifications in the third-

generation device were the additions of a feedback channel after the cell separation area and 

PDMS posts in the device inlets. The feedback channel allows relocation of the sister cells after 

division from the separation area to the cell trapping chambers (Figure 2.12 bottom right inset). 

Sister cells separated after division flow through the feedback channel upon actuation of the 

control valves (Figure 2.12 bottom right inset) and were subsequently placed in the trapping 

chambers. Then, after division (second generation), they can be separated and either extracted 

from the device or relocated back to the chambers for tracking the third generation. The device 

had eight chambers allowing to monitor up to three generations of a single cell (from one parent 

cell to eight daughter cells). Additionally, circular PDMS posts fabricated into the inlets of the 

device (Figure 2.12 bottom left inset) can trap the air bubbles and also filter any cell aggregates 

or dust particles that can block the device. In a similar manner to the second-generation device, 

this system allows for the delivery and trapping of single cells within a microfluidic chamber array 
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for monitoring cell growth inside the eight chambers, separation of the sister cells after division, 

user-defined relocation of sister cells to allow monitoring of multiple cell generations and extraction 

of these type of cells for downstream analysis. 

 

Figure 2.12 Schematic of the third-generation device. The device consists of 8 individually 

addressable proliferation chambers, a valve-based junction for separation of the sister cells after 

division and a feedback channel that allows relocation of the sister cells after division from the 

separation area to the cell trapping chambers. 

Significantly, the optimized third-generation device was used to process both 6C2 (chicken 

erythroleukemia cell line) and T2EC (chicken erythrocytic progenitors). 6C2 cells were cultured in 

αMEM medium (Sigma-Aldrich, Buchs, Switzerland), supplemented with 10% (v/v) fetal bovine 

serum (FBS, Life Technologies, Zug, Switzerland), 1% (v/v) Penicillin-Streptomycin (10,000 U/mL, 

Life Technologies, Zug Switzerland),100 nM β-mercaptoethanol and 1% (v/v) normal chicken 

serum (NCS, Prof. Gandrillon, ENS de Lyon) at 37°C, 5% CO2 (New Brunswick Galaxy 170 S, 

Eppendorf, Schönenbuch, Switzerland). T2EC cells were extracted from the bone marrow of white 

leghorn chicken embryos (INRA, Tours, France). The cells were cultured in αMEM medium 



48 
 

(Sigma-Aldrich, Buchs, Switzerland), supplemented with 1 mM HEPES, 10% (v/v) fetal bovine 

serum (FBS, Life Technologies, Zug, Switzerland), 1% (v/v) Penicillin-Streptomycin (10,000 U/mL, 

Life Technologies, Zug Switzerland), 100 nM β-mercaptoethanol, 1 mM dexamethasone, 5 ng/mL 

transforming growth factor-alpha (TGF-α, Prof. Gandrillon, ENS de Lyon) and 1 ng/mL 

transforming growth factor-beta (TGF-β, Prof. Gandrillon, ENS de Lyon) at 37°C, 5% CO2 (New 

Brunswick Galaxy 170 S, Eppendorf, Schönenbuch, Switzerland). 

All experiments were performed on cells in their exponential (log) phase of growth. Cells at a 

concentration of 106 cells/ml were loaded in the device and single-cell trapping was achieved in 

each chamber (Figure 2.13a). The trapped cells were then monitored for 18 hours, and cell 

divisions were observed for both 6C2 and T2EC cells (Figure 2.13a). The average cell 

proliferation rate (over 20 cells) was defined as the rate of divided cells after 18 hours. Accordingly, 

proliferation rates were measured as 93% and 86% for 6C2 and T2EC cells, respectively (Figure 

2.13b).  

 

Figure 2.13 Proliferation experiments in the third-generation devices. (a) Initial and after 18 

hours images of single 6C2 and T2EC cells trapped in the proliferation chambers. (b) Average 

proliferation rates of 6C2 and T2EC cells inside the third-generation device. The scale bar is 50 µm. 
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As noted, a key component of the single-cell analysis workflow in the third-generation device was 

the separation (and subsequent trapping) of sister cells formed after division. Unsurprisingly, it 

was found that T2EC cells tend to stick together after division. Such behavior compromised 

efficient sister cell separation. Accordingly, ultrasound- and chemical-based methods for cell 

separation were assessed. Ultrasound was found to be insufficient to break the cell clusters under 

normal conditions. However, chemical methods such as the controlled delivery of a reagent 

(StemPro Accutase™, Thermo Fischer Scientific, Basel, Switzerland) which causes cell 

dissociation, to growth chambers proved to be highly efficient in separating cells (Figure 2.14a-b) 

prior to their delivery to the chambers for secondary division (Figure 2.14c). 

 

Figure 2.14 Cell separation and reallocation. (a) Brightfield image of two T2EC cells after division 

(b) The same two T2EC cells after the controlled addition of StemPro Accutase to the proliferation 

chamber (c) Automated reallocation of sister cells to growth chambers for secondary division. The 

scale bar is 50 µm. 

2.7 Optimization of Cell Extraction 

One of the most daunting tasks in the experimental process was the final collection of the 

separated sister cells within a nanoliter volume (approximately 500 nl). This was required to 

ensure compatibility with downstream MARSseq (massively parallel single-cell RNA sequencing) 

analysis21. To generate a 500 nl extraction volume, a 5 µl glass capillary tube (Sigma-Aldrich, 

Buchs, Switzerland) was used. First, the middle part of the capillary tube was heated up slowly in 

a Bunsen burner flame. Then, when the tube started melting, it was pulled rapidly downwards, 

splitting into two pieces and forming a thin capillary. This capillary tube inserted in the 1 mm 

extraction wells allowed the extraction of single cells in a 500 nl volume. 

6C2 cells were (genetically) fluorescently labeled with mCherry (640 nm emission), and thus 

fluorescence imaging could be used to follow the cell extraction process. In addition, a range of 

different LED light intensities were assessed, with a view to minimizing fluorescence 

photobleaching during continuous imaging 6C2 cells. Specifically, 6C2 cells were imaged using 
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LED powers between 25 and 200mW (Figure 2.15a-d) and fluorescence images were evaluated 

in terms of extracted intensity values (Figure 2.15e).  

 

Figure 2.15 Fluorescence imaging of 6C2 cells at different LED powers. Fluorescence images 

of 6C2 cells using 25 mW (blue) (a), 50 mW (green) (b), 100 mW (orange) (c) and 200 mW (red) (d).  

(e) The corresponding fluorescence signal intensities extracted from the images shown on the left. 

The scale bar is 50 µm. 

Peak values of fluorescence signals increased with the LED power. However, after applying a 

LED power of 50 mW, signal-to-noise ratios (SNRs) were not improved due to an increase in the 

background (Figure 2.16a). Accordingly, 50 mW was selected as the optimal LED power, with 

fluorescence intensities for 6C2 cells not significantly decreasing below their initial value over a 

period of 15 minutes; a sufficient time period for the cell extraction process (Figure 2.16b). 
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Figure 2.16 Laser power optimization. (a) SNR values of the fluorescence signals at different laser 

powers between 25 mW and 200 mW. (b) Variation of the fluorescence intensity of 6C2 cells as a 

function of time using a 50 mW LED power. 

The extraction protocol of the 6C2 cells included tracking sister cells after division, using both 

brightfield and fluorescence imaging. The sister cells were driven to the extraction well by applying 

10 mbar of pressure, resulting in a cellular velocity of 10 µm/s (Figure 2.17a). Fluorescence 

imaging was used to track single cells subsequent to their delivery into the extraction wells (Figure 

2.17b). Next, single cells were manually extracted from the device using the thin capillary tube, 

with simultaneous monitoring the fluorescence signal of the cells to ensure that only a single cell 

is collected (Figure 2.17c). This method proved to work successfully with an extraction volume of 

500 nl, which was compatible with downstream analysis. 

 

Figure 2.17 Sister cell extraction. (a) A single sister 6C2 cell was monitored using brightfield 

imaging until it reached the extraction well. Fluorescence images of the extraction well before (b) and 

after the extraction of a single sister cell (c). The scale bar is 100 µm.  
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2.8 Conclusions 

In this chapter, we have described the development of a multilayer microfluidic device for tracking 

the hematopoietic stem cell lineage process at the single-cell level. We also showcase the 

transition from a first to third-generation microfluidic device by optimizing and adding key 

components required in the cell proliferation experiments. The third-generation device can trap 

single cells in eight independently controlled proliferation chambers, isolate sister cells after 

division and extract them for downstream analysis. The system is capable of tracking cells over 

three generations. The setup incorporates an image processing-based device and automation of 

the cell loading, long-term cell monitoring and cell extraction processes. In the presented 

experiments, both 6C2 (chicken erythroleukemia cell line) and T2EC (chicken erythrocytic 

progenitors) cells proliferated inside the chip, with a viability rate higher than 90%. The divided 

stem cells were separated using a valve-based (T-shaped) structure and placed inside the 500 nl-

volume extraction chambers, which were compatible with downstream MARSseq analysis. The 

developed system provides a robust and automated platform for single-cell lineage tracing studies. 
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Chapter 3 
 

High-Throughput and Real-Time Flow 

Cytometry for Rare Cell Quantification 

 

We present a high-throughput real-time fluorescence cytometer comprising a microfluidic device 

and a complementary metal-oxide-semiconductor (CMOS) image sensor-based detection system. 

A custom C++ program and graphical user interface (GUI) is developed for processing raw signals, 

adjusting processing parameters and displaying fluorescence intensity histograms in real-time. 

This platform allows real-time quantification of the fluorescent species (such as particles and cells*) 

at a throughput of up to 500,000 events per second. We applied this platform to measure and 

quantify patient-derived circulating tumor cells (CTCs) spiked in peripheral blood. The data 

indicate that CTC detection has a sensitivity of 0.000006% (6 CTCs per million blood cells) at a 

volumetric throughput of 3 ml/min.  

 

 

 

 

 

 

                                                
* The word “cell” will be used for both “cells” and “particles” for the simplicity. 
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3.1 Introduction 

Flow cytometry is a high-throughput optical method for studying cells based on their physical and 

chemical characteristics. It is recognized as the gold standard method for quantifying the number, 

size, size distribution, shape and morphology of cells within large populations1. In its simplest 

embodiment, a flow cytometer consists of a hydrodynamic system to focus cells into a single file, 

an optical detection system and a signal processing system. Such a structure allows large 

numbers of cells to be focused in a single stream and interrogated with laser beams of different 

wavelengths. Forward scatter, side scatter and fluorescence photons are detected using 

sensitive photomultiplier tubes (PMTs) or avalanche photodiodes (APDs)2 and converted to 

electronic signals. Quantitative information regarding average size, size distribution, granularity 

and complexity can then be extracted after signal processing. Volumetric flow rates used in 

commercial flow cytometers typically vary between 10 and 100 µl/min, which corresponds to a 

throughput of between 10,000 and 50,000 events/s, depending on sample concentration. Despite 

the fact that flow cytometry is an efficient tool for enumerating large numbers of particles or cells 

in short periods of time,  conventional flow cytometers are bulky, costly and often require a trained 

specialist for operation3. These drawbacks limit the portability and use of flow cytometry for 

resource-poor settings associated with global health. Furthermore, most commercial flow 

cytometers are unsuitable for the rapid detection of rare cells, such as circulating tumor cells 

(CTCs), due to their low volumetric operational throughput rates (10-100 µl/min)4. 

In recent years, microfluidic-based flow cytometers have been used to quantify both particle and 

cellular populations5. Compared to their conventional counterparts, microfluidic flow cytometers 

have several advantageous features, including reduced reagent consumption, more 

straightforward operation, and lower cost6,7. They can also be integrated with other microfluidic 

devices to automate the flow cytometry workflow with sample preparation processes such as 

antibody incubation and cell staining8. All these features point toward the development of portable 

and simple-to-use flow cytometers for point-of-care applications. Additionally, microfluidic flow 

cytometers can simulate high volumetric throughput operation by taking advantage of both inertial 

effects9 and parallelization10. In principle, they can be utilized to quantify rare cells within a much 

larger population; a task that would take unacceptably long processing times using commercial 

flow cytometers. 

Many microfluidic cytometers mimic conventional flow cytometers in terms of their structure and 

operation, with cells being focused into a single file using a sheath flow. Such an approach allows 

cells to flow in a narrow core stream, thus reducing the possibility of multiple cells entering the 

detection area simultaneously. Such coincidences in flow cytometry occur when two or more cells 

pass the measuring spot simultaneously11, leading to overlapped signals. The use of sheath flow 

requires a laborious procedure of fluidic control and significant consumption of sheath fluid. This 

not only dilutes the particle or cell concentration but also increases reagent costs. Accordingly, 
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sheathless particle focusing approaches have been employed in microfluidic devices. For 

example, dielectrophoresis can be used to manipulate and focus dielectric particles through the 

application of non-uniform electric fields 12. Here, the dielectrophoretic force exerted on a particle 

depends on the size of the particle and the applied frequency. Although this type of focusing has 

shown great value in particle enrichment, dielectrophoretic tools are complex to both fabricate and 

control, and operate at low analytical throughput13. Acoustic actuation can also be used to focus 

cells within chip-based flow cytometers. Here, cells are driven towards pressure nodes or 

antinodes depending on the relative compressibility of the cell and suspension medium14,15. 

Acoustic focusing can be achieved by actuating a piezoelectric material with traveling surface 

acoustic waves (TSAWs)16 or standing surface acoustic waves (SSAWs)17. Acoustic particle 

manipulation has many desirable features, such as being actively controlled, label-free, operated 

in non-contact mode and having high biocompatibility. However, this type of method requires a 

complex fabrication methodology to pattern electrodes and the use of costly control equipment. 

To address the aforementioned issues, recent interest has focused on the use elasto-inertial 

focusing as a means of focusing in flow cytometry18. Significantly, elasto-inertial methods allow for 

efficient 3-D focusing without the need for a sheath flow19. Additionally, microfluidic devices for 

elasto-inertial focusing are simple to fabricate and can operate at high analytical throughput. Put 

simply, the adoption of elasto-inertial focusing holds great potential in realizing cost-effective, high-

throughput and portable flow cytometers. 

Microfluidic cytometers have been integrated and coupled with a variety of detection approaches 

based on electrical and optical signals. Fluorescence-based detection methods are sensitive can 

operate at the single molecule level and allow multiple parameters to be analsysed20. Laser-

induced fluorescence (LIF) is a widely adopted detection method in both commercial and chip-

based flow cytometers21. LIF involves the monochromatic excitation of (intrinsic or extrinsic) 

fluorophores on the surface of or inside cells. Fluorescence photons are subsequently collected 

using integrated or free-space optics and detected using charge-coupled devices (CCDs), APDs 

or PMTs. In recent years, CMOS image sensors have also been used in flow cytometers due to 

their low cost, high-speed operation and large field-of-view capability. It should be noted that LIF-

based detectors are simple to multiplex22, but normally require the use of off-chip components 

(such as optics, lasers and microscopes) that limit portability and decrease cost-effectiveness. 

A number of microfluidic flow cytometers incorporating fluorescence detection have been reported 

in the literature. For example, Fan et al. reported a high throughput multicolor fluorescence 

cytometer integrating sheath flow focusing20. This system included a multilayer microfluidic device 

able to perform parallel 3D flow focusing and fluorescence detection in 32 channels, with a 

maximum throughput of 106 cells/s. Unfortunately, the volumetric throughput of the system was 

limited to 0.33 ml/min, and the concentration needed to realize a throughput of 106 cells/s was 

2×108 cells/ml; an unfeasible concentration for most biological assays. However, the system 

integrates multiple complex signal processing steps and possesses no real-time quantification 

capability. Zhao and colleagues developed a fluorescent counting method for CTC screening in 
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blood23. Here peripheral blood was directly labeled with multiple antibodies (conjugated to different 

fluorophores), pumped through a microfluidic channel, and interrogated via line-confocal 

fluorescence microscopy. Multiple APDs were subsequently used to detect CTCs ranging from 15 

to 3375 cells per 1 ml of whole blood. Despite its utility, the maximum volumetric throughput in 

such a system was 80 µl/min, a value insufficient for processing large volumes of blood samples. 

Many other fluorescence-based microfluidic cytometers rely on the use of conventional 

microscopes coupled to high-speed cameras24 or complex optical detection systems.25 

Interestingly, compact optofluidic cytometers possessing relatively simple detection systems 26 

have only been applied to the analysis of static suspensions and involve significant computational 

processing, which limits analytical throughput27. That said, a smartphone-based digital droplet 

scanner has been used for high-sensitivity detection of proteins28. Such a system allowed for 

protein detection at concentrations as low as 300 aM, with an analytical throughput of 25,000 

fluorescent droplets per second at a flow rate of 2.3 ml/min. However, the detection algorithm used 

relies on complex signal processing steps and has no real-time detection capability. Consequently, 

there remains an unmet need for portable, easy-to-use, high-throughput systems for real-time 

fluorescence flow cytometry. To this end, we present a miniaturized, chip-based flow cytometer 

for quantitative analysis of large populations of cells and microparticles. The real-time 

fluorescence counting system (RTCS) consists of a planar microfluidic device, a CMOS image 

sensor, a simple optical setup for light collection and control electronics. Cells are manipulated 

and focused to a single plane within a microfluidic channel using an elasto-inertial focusing 

scheme and subsequently imaged using the CMOS sensor. Fluorescence signals are acquired 

using a commercial readout circuit and processed in real-time using a custom-written C++ 

program. The presented system offers new opportunities for the real-time and sensitive 

quantification of large populations of fluorescence particles and cells. 

3.2 Experimental  

3.2.1 Design and Fabrication of the Microfluidic Device 

The microfluidic device integrates a rectangular cross-section microchannel that is 50 mm long, 5 

mm wide and 50 μm deep. Such a low aspect ratio (rectangular cross-section) microchannel 

allows for the focusing of cells (with a mean diameter of 12 μm) in the image plane29. Channel 

designs were drawn using AutoCAD 2019 (Autodesk, San Rafael, USA) and printed onto 

photolithographic masks (Micro Lithography Services Ltd, Chelmsford, UK). Standard 

photolithographic techniques were used to fabricate an SU-8 master mold. First, SU-8 2010 

photoresist (Micro Resist Technology, Berlin, Germany) was spin-coated onto a 5 inch diameter 

silicon wafer (Siegert wafer GmbH, Aachen, Germany). A spin speed of 2000 rpm resulted in a 25 

µm thick resist layer. The spin-coated wafer was baked on a 65°C hot plate for one minute and a 

95°C hot plate for four minutes. Then, channel patterns in the mask were transferred to the wafer 

via exposure to UV radiation for 30 seconds. After exposure, the wafer was baked on a 95°C hot 
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plate for four minutes to facilitate cross-linking of the exposed SU-8 photoresist. The patterned 

structures were developed using an mr-Dev 600 Developer solution (Micro Resist Technology, 

Berlin, Germany) by removing the unexposed regions. Finally, the wafer was rinsed with isopropyl 

alcohol and water, followed by drying using pressured air. The fabricated mold was hard-baked 

on a 150°C hot plate for 10 minutes. 

Microfluidic devices were fabricated using standard soft lithography methods. First, the mold was 

placed into a desiccator containing chlorotrimethylsilane (Sigma-Aldrich, Buchs, Switzerland) for 

2 hours at a pressure of 150 mbar. A PDMS mixture was then prepared using a 10:1 (wt/wt) ratio 

of PDMS base to curing agent (Sylgard 184, Dow Corning, Midland, USA). This mixture was 

poured onto the mold, degassed in the desiccator for 30 minutes and cured overnight in an oven 

at 70°C. The cured PDMS was then peeled off the mold, and individual devices were formed by 

dicing. Inlet and outlet ports (0.76 mm diameter) were opened using a hole puncher (Syneo, West 

Palm Beach, USA). Devices were bonded to planar glass slides (Menzel-Glaser, Braunschweig, 

Germany) after exposing all surfaces to an oxygen plasma (EMITECH K1000X, Quorum 

Technologies, Laughton, United Kingdom) for 1 minute. Finally, bonded devices were left on a hot 

plate at 120°C for 2 hours to strengthen the bond. 

3.2.2 Optical Setup and Data Acquisition 

The optical detection system consisted of an Eclipse Ti-E inverted microscope (Nikon, Zurich, 

Switzerland), integrating a motorized stage (Mad City Labs, Maddison, USA). A 488 nm laser 

beam (Coherent Genesis MX, Glasgow, UK) is transmitted through an AOTF nC-400-650-TN 

acousto-optical tunable filter (AA Opto-electronic, Orsay, France) and focused into the microfluidic 

channel as a 15 μm-wide line (similar to the average diameter of the cells under study). 

Fluorescence photons were collected via a 4X/0.13 N.A. objective (Nikon, Zurich, Switzerland) 

and passed through a 530 nm bandpass filter (F37-520, AHF, Tubingen, Germany) to reject the 

excitation light and focused by a tube lens onto an S11639 CMOS sensor (Hamamatsu, Solothurn, 

Switzerland). An S13570 data acquisition PCB (Hamamatsu, Solothurn, Switzerland) was used 

as a readout circuit. Acquired data were transferred to a PC via a USB 2.0 interface and processed 

with a custom-developed program written in C++ (Microsoft Visual Studio 2019) (Figure 3.1). 
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Figure 3.1 Real-time fluorescence counting system (RTCS). (a) Schematic of the RTCS, 

incorporating a microfluidic device for plane focusing of cells using a viscoelastic fluid (shown in the 

inset), a 488 nm laser source, a 4X/0.13 N.A. objective, a 530 nm emission filter with a dichroic mirror 

(470-490 nm reflection / 508-675 nm transmission bands) and a CMOS image sensor with the readout 

circuitry for acquiring and transferring frame data. (b) Screenshot of the real-time signal processing 

and particle quantification program. The custom-written program (developed in C++) can acquire and 

process raw sensor data and display intensity histograms in real-time and at a rate of up to 500,000 

events/second. 

3.2.3 Microfluidic Device Operation 

Bead and cell suspensions were prepared at various concentrations (106-107 beads/ml and 

0.5×106 – 3×106 cells/ml, respectively) and loaded into 10 ml syringes (Hamilton Laboratory 

Products, Reno, USA). Suspensions were delivered into the microfluidic device using a precision 

syringe pump (neMESYS, Cetoni, Korbussen, Germany) at volumetric flow rates of 3 ml/min and 

6 ml/min. The microfluidic device was placed on a motorized xy translation stage (Mad City 

Laboratories, Maddison, USA) to facilitate observation. 

Viscoelastic polyethylene oxide (PEO) solutions were used to focus cells and beads at the image 

plane in a sheathless manner29. A stock solution of 1 MDa PEO (Sigma-Aldrich, Buchs, 

Switzerland) at a concentration of 10,000 ppm was prepared in Dulbecco's phosphate-buffered 

saline (DPBS, Life Technologies, Zug, Switzerland) and aged at room temperature for a month to 

enhance solution stability. For flow cytometry experiments, the stabilized PEO solution was diluted 

with DPBS, resulting in a final PEO concentration of 1,000 ppm. Cell suspensions were mixed with 
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20% v/v Optiprep Density Gradient Medium (Sigma-Aldrich, Buchs, Switzerland) to minimize cell 

sedimentation. 

The maximum accessible frame rate of the CMOS sensor was 4,000 frames/s and the horizontal 

field of view (FOV) of the sensor was 100 µm at 4x magnification. To ensure that each cell was 

imaged only once in each frame, cells should have a velocity of v = FOV x t-1 where t is the time 

between two consecutive frames. This time is 0.25 ms at a frame rate of 4,000 frames/s, thus 

yielding a velocity of 0.4 m/s. This velocity corresponds to a volumetric flow rate of 6 ml/min 

assuming the rectangular cross-section microfluidic channel. For experiments involving cells, 

longer exposure times were used to increase signal-to-noise ratios, and thus volumetric flow rates 

were reduced to 3 ml/min to minimize motion blur. In this situation, the camera frame rate was 

reduced to 2,000 frames/s to match the modified cell velocity of 0.2 m/s. 

3.2.4 Real-Time Quantification  

A custom program written in C++ using Microsoft Visual Studio 2019 was used to acquire and 

process raw sensor data. The program integrates a GUI with several functionalities, such as 

background acquisition, scaling of raw data and the ability to display intensity histograms in real-

time. Since the excitation laser profile is not uniform across the channel cross-section, a non-

uniform background signal will be present (Figure 3.2a). Accordingly, multiple signal processing 

operations are necessary to scale the raw data and correctly detect fluorescence signals. First, a 

background measurement was performed using the microfluidic channel filled with a 3 µM 

fluorescein isothiocyanate (FITC) (Sigma-Aldrich, Buchs, Switzerland) solution in DPBS. A cubic 

spline was applied to the intensity versus pixel number data to suppress local variations in the 

background signal (Figure 3.2b). These local variations were caused by statistical fluctuations of 

photons sensed at a specific exposure time and the dark leakage current of the sensor. Scale 

factors were then calculated for each pixel and saved for use in the real-time detection algorithm. 

Sensor signals were then reconstructed by subtraction of the background signal. Fluorescence 

intensity peaks (associated with cells) were detected using a peak detection algorithm, with 

minimum peak-to-peak distance and peak amplitude constraints (Figure 3.2c). The detected 

peaks were multiplied by the scale factors derived from the background signal (Figure 3.2d). 

Finally, fluorescence intensity histograms were displayed in real-time (with other metrics, such as 

throughput and cell concentration). The exposure time, frame rate and recording time are all 

adjustable via the GUI, with the program processing up to 4,000 frames in real-time and saving 

50,000 frames (corresponding to 12.5 seconds of recording time at 4,000 frame/s). 
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Figure 3.2 Signal processing workflow for the RTCS. (a) Background signal acquired using the 

CMOS sensor. (b) The background signal is smoothed using the cubic spline method, with the fit 

(shown in red) being used to extract scaling coefficients. (c) 10 µm diameter fluorescent bead signals 

were detected using the RTCS. The background signal was subtracted from the raw signal data, 

intensity peaks were subsequently detected, scaled with the coefficients extracted in (b) and counted 

using a custom-written program. (d) A typical intensity histogram for a population of 10 µm fluorescent 

beads, constructed with RTCS. 

3.3 Results and Discussion 

3.3.1 Ultra High Throughput Quantification of Fluorescent Beads 

To assess the performance of the RTCS, commercial 10 μm diameter fluorescent beads (Thermo 

Fischer Scientific, Basel, Switzerland) were used as model micron-sized species. Bead 

experiments were conducted at various concentrations, with bead concentrations being gradually 

increased from 106 to 107 beads/ml. The average linear velocity of the particles when using a 

volumetric flow rate of 6 ml/min was calculated to be 0.4 m/s. Motion blur, D, can be defined as 
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the product of the shutter speed, t, and bead velocity, v. The exposure time was set to the minimum 

value of 6 μs, to minimize motion blur, but at the expense of reduced sensitivity. Under these 

circumstances, the motion blur was calculated to be 2.4 µm, which yields sufficient peak-to-peak 

separation of bead signals up to a concentration of 4×106 beads/ml (Figure 3.3a-c).   

Bead concentrations were measured using both the RTCS and a high-end flow cytometer (FC) 

(CytoFLEX, Beckman Coulter, Nyon, Switzerland). Data resulting from the RTCS were consistent 

with data obtained from the FC when bead concentrations were less than 4×106 beads/ml. The 

raw signals of an individual RTCS pixel as a function of time are shown in Figure 3.3a-c. As the 

bead concentration increases from 106 to 4×106 beads/ml, the peak-to-peak separation of the 

intensity signals decreases, with signal peaks beginning to overlap at bead concentrations higher 

than 4×106 beads/ml (Figure 3d).  Thus, concentration values higher than 4×106 beads/ml cannot 

be measured using the RTCS. Accordingly, a maximum bead concentration of 4×106 beads/ml 

was used in subsequent experiments. Figure 3.3e presents extracted throughputs for the various 

bead concentrations used. It can be seen that the RTCS can achieve a maximum real-time 

throughput of ~500,000 beads/s, a 50-fold improvement over the commercial flow cytometer 

(which has a maximum throughput of ~10,000 beads/s). It should be noted that Fan et al., using 

an array of parallel channels with sheath flows, reported an extrapolated throughput of 1,000,000 

cells/s (assuming the concurrent operation of 32 parallel channels). In addition, no real-time 

quantification capability was reported and their maximum volumetric throughput (0.33 ml/min) was 

over 20 times lower than the RTCS. The coefficient of variation (CV) in flow cytometry defines the 

ratio of the standard deviation of fluorescence intensities of cells to the mean signal intensity, and 

thus represents the relative variability of the signal. 

Thus CV of intensity values is useful figure of merit when comparing the precision and sensitivity 

of flow cytometers30. Using the RTCS, CV values (extracted from fluorescent intensity bead 

histograms) were between 21 and 21.5%, values consistent with the CV (22%) extracted from the 

conventional flow cytometer (Figure 3.3f). 
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Figure 3.3 RCTS throughput characterization using 10 µm fluorescent beads. Fluorescent bead 

signals recorded with RTCS at concentrations of (a) 106 beads/ml, (b) 2×106 beads/ml and (c) 4×106 

beads/ml. Plots represent single-pixel readings of the CMOS image sensor as a function of time. (d) 

Concentrations higher than 4×106 beads/ml resulted in an overlap of bead signals that yields 

inaccurate concentration measurements. (e) Maximum RTCS throughput as a function of bead 

concentration between 106 and 4×106 beads/ml. (f) CV of intensity as a function of bead 

concentration. The dashed line reported the CV of intensity as measured with the FC. The range of 

the CV values (21 to 21.5%) at different bead concentrations were consistent with the CV associated 

with the commercial flow cytometer (22%).  

3.3.2 Optimization of Exposure Time for Cellular Analysis 

After optimizing conditions for the high-throughput analysis of micron-sized beads, the RTCS was 

used to assay fluorescent human embryonic kidney (HEK) cells. HEK293T Flp-in T-REX cells 

expressed with a stably integrated mNeonGreen transgene (293T Flp-in T-REX mNeonGreen 

from Dr. B. Mateescu, University of Zürich) were cultured in DMEM medium (Life Technologies, 

Zug, Switzerland), supplemented with Glutamax (Life Technologies, Zug, Switzerland), 10% (v/v) 
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fetal bovine serum (FBS, Life Technologies, Zug, Switzerland) and 1% (v/v) Penicillin-

Streptomycin (10,000 U/mL, Life Technologies, Zug Switzerland) at 37°C, 5% CO2 (New 

Brunswick Galaxy 170 S, Eppendorf, Schönenbuch, Switzerland). All experiments were performed 

on cells in their exponential (log) phase of growth. Two days before the cell experiment, 6 million 

cells were seeded in a 10 cm plate in the presence of 2 µg/mL doxycycline (Sigma-Aldrich, Buchs, 

Switzerland) to induce expression of the mNeonGreen protein. Afterwards, adherent cells were 

trypsinized, and the corresponding cell suspension was washed once in PBS. HEK cells have 

significantly lower fluorescence quantum efficiencies than the fluorescent beads, with significant 

variations between individual cells. Accordingly, the exposure time must be increased to allow for 

efficient detection of all HEK cells in a heterogeneous population. Such an increase in exposure 

time will enhance detection sensitivity but comes at the expense of increased motion blur for a 

given average velocity. Hence, applied volumetric flow rates should be decreased with a view to 

ensuring sufficient peak-to-peak separation, but with the knowledge that analytical throughput will 

be decreased.  

In initial experiments, the concentration of cells delivered into the RTCS was fixed to 106 cells/ml, 

a value similar to typical concentrations used in a range of cell-based assays. The exposure time 

was varied between 6 μs and 300 μs, and the fluorescence intensity histograms were obtained at 

six exposure times. The exposure time was varied between 6 μs and 300 μs and fluorescence 

intensity histograms were obtained at six exposure times. 

 

 

Figure 3.4 Optimization of the RTCS exposure time when analyzing fluorescent (HEK) cells at 

a concentration of 106 cells/ml. (a) Variation of HEK cell concentration (measured using the RTCS) 

as a function of exposure time between 6 and 300 μs. Exposure times equal to and above 100 μs 

yield sufficient sensitivity for detecting HEK cells. Concentrations measured with RTCS are in 

agreement with data extracted from conventional flow cytometry (horizontal dotted line) (b) CV of the 

intensity as a function of exposure time between 6 and 300 μs. The CV value increases with exposure 

time up to 200 μs. Further increases in the exposure time results in a lower CV due to the motion 

blur. (c) A representative intensity histogram from HEK cells using a 200 μs exposure time. 

As can be seen in Figure 3.4a, cell concentrations measured using RTCS were significantly 

different from concentrations extracted from conventional flow cytometry measurements when the 
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exposure time was less than 100 μs, due to the low sensitivity of the optical detection at these 
exposures. However, for exposure times above 100 μs, the correspondence between the RTCS 

and FC data was excellent. Based on both concentration measurements and CV data, Figure 

3.4b, 200 μs was selected as the optimum exposure time for cell experiments. Additionally, the 

volumetric flow rate was decreased to 3 ml/min for all cell experiments to both improve detection 

sensitivity and decrease motion blur. Under these conditions, the average cellular velocity was 0.2 

m/s, yielding a motion blur of 40 µm for a 200 µs exposure time. Based on this motion blur, the 

maximum cell concentration that can be used without significant peak overlapping was 

approximately 1.5×106 cells/ml. This concentration value yields a maximum throughput of ~75,000 

cells/s, representing an order of magnitude improvement in throughput compared to the 

conventional flow cytometer. Finally, it should not be forgotten that the RTCS provides for real-

time cellular quantification, a crucial advantage compared to most other flow cytometers20,31. 

3.3.3 Sensitivity Characterization 

The sensitivity of a flow cytometer can be broadly defined as its ability to quantify different levels 

of fluorescence intensity emitted by fluorescently labelled bead populations. To assess the 

sensitivity of the RTCS platform, experiments were performed using Quantum Alexa Fluor 488 

MESF calibration beads (Bangs Laboratories, Indianapolis, USA) that have distinct and well-

defined fluorescent intensities. Bead fluorescence was quantified in terms of MESF (molecules of 

equivalent soluble fluorophores) units and provided by the manufacturer. Specifically, we used 

four different calibration bead populations, with fluorescence intensities between 3,179 and 

333,766 MESF units (Figure 3.5a).  

 

Figure 3.5 Sensitivity of the RTCS platform. (a) Intensity histograms of the calibration bead 

populations, which have 3,197 MESF units (#1), 22,719 MESF units (#2), 95,426 MESF units (#3) 

and 333,766 MSF units (#4) obtained via flow cytometry. (b) Calibration curve reporting the variation 

of RTCS-measured fluorescent intensities and manufacturer specified MESF values.  
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We measured the fluorescence intensities of these beads with the RTCS platform and generated 

a calibration curve. RTCS measurements and manufacturer-specified intensity values exhibited 

an excellent correlation with an R2 value of 0.9944 (Figure 3.5b). The lowest fluorescence 

intensity bead population (#1), having an MESF unit intensity value of 3,179, can be discriminated 

and identified after background subtraction (Figure 3.6). Accordingly, a detection sensitivity of 

~3,179 MESF units can be assigned to the RTCS platform. This detection limit is significantly 

lower than needed for most applications in flow cytometry32. 

 

Figure 3.6 Lowest intensity bead detection. Beads from the lowest fluorescent intensity bead 

population (#1; 3,179 MESF units) can be discriminated from background using the RTCS. (a) 

Background signal originating from an empty channel. (b) Raw RTCS signal originating from a single 

#1 bead. (c) RTCS signal originating from a single #1 bead after background subtraction. 

3.3.4 Quantification of Circulating Tumor Cells  

Metastasis is widely regarded as the most crucial clinical indicator in cancer diagnosis, being 

directly responsible for more than 90% of cancer-related fatalities33. Cancer cells can be released 

from the primary tumor in the early stages of the disease, laying the groundwork for later metastatic 

growth34. Circulating tumor cells (CTCs), first discovered in patients with breast, lung, pancreatic, 

prostate, liver, and colon cancers 150 years ago35, are widely considered the main factor in this 

process36. Unsurprisingly, CTC detection can significantly impact the early detection of cancer and 

its clinical treatment and management23, 37. Unfortunately, CTCs are extremely rare when 

compared to other cells in whole blood, being found in quantities as low as 1-10 CTCs per billion 

blood cells38. Accordingly, the development of quantitative tools for CTC detection is immensely 

challenging. Recently, many different techniques including size-based filtration39,40, 

immunomagnetic enrichment41,42 or antibody immobilization on microfluidic channels43,44. 

However, most of these techniques require an initial enrichment step to improve the sensitivity. 

Additionally, fluorescence imaging used in most of the CTC technologies generally takes long time 

periods and requires manual confirmation of CTCs. In this regard, it is important to note that flow 

cytometry can be used to detect CTCs45. However, processing times can be excessively long, 

taking more than 24 hours per sample46. Our RTCS has the advantage of operating at high 
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volumetric throughput (3 ml/min), which greatly reduces sample processing times to below 10 

minutes. 

To assess the utility of the RTCS platform in CTC analysis, we mimicked CTCs using fluorescent 

HEK cells and fluorescently-labelled patient-derived human brain glioblastoma (LN229) cells 

(University of Zurich, Switzerland) which were spiked into diluted blood. Blood samples were 

obtained from the Blutspende Zurich blood donation center.  

 

Figure 3.7 RTCS signals for HEK and human glioblastoma (LN229) cells in diluted whole blood. 

Sensor readings of (a) HEK cells (b) LN229 cells spiked into diluted whole blood using a 200 μs 
exposure time. Both samples were assayed for a period of 8 seconds, with single cells being observed 

as distinct, high-intensity peaks being above the noise level (3x standard deviation) of our instrument. 

The background signal is subtracted from raw sensor data, and fluorescence intensity peaks of the 

individual cells are detected using the RTCS.  

Six different cell suspensions were prepared by spiking HEK and LN229 cells into diluted blood at 

the ratios of 1:10000,1:100000, and 1:1000000 (fluorescent cells: blood cells). Figure 3.7 presents 

fluorescence intensity time traces generated from diluted whole blood containing HEK and LN229 

cells at ratios of 1:10000 over an 8-second time period. Single-cell events that correspond to 

strong and weak fluorescence signals can be clearly observed. The number of red blood cells and 

 

a 
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fluorescent cells in each sample were measured by flow cytometry and are listed in Table 3.1 and 

Table 3.2.  

Table 3.1. Flow cytometry and RTCS data for HEK 293-spiked blood samples at different spiking 

ratios between 1:10000 and 1:1000000. 

 

Table 3.2. Flow cytometry and RTCS data for LN229-spiked blood samples at different spiking ratios 

between 1:10000 and 1:1000000. 

 

These suspensions were then processed using the RTCS platform to quantify the fluorescent CTC 

mimics. RTCS data showed close correspondence with flow cytometry data, as depicted in Figure 

3.8. Significantly, the RTCS platform was able to quantify CTCs as rare as 6 CTCs per million red 

blood cells, corresponding to approximately 15 CTCs per 1 ml of sample (Figure 3.8a). To put 

this in context, Zhao and co-workers presented a fluorescence flow cytometry system able to 

screen CTCs with a detection limit as low as 2 cells per 1 ml of whole blood23. However, the 

volumetric throughput of this system was only 80 µl/min; 40 times lower than the throughput 

achieved using the RTCS platform. Due to the high volumetric throughput of 3 ml/min, the RTCS 

was able to quantify CTCs contained in a 10 ml blood sample in just 5 minutes compared to the 

24 hours needed when using conventional flow cytometry. 

 

 

 

Prepared Ratios Flow Cytometry Measurements RTCS Measurement 

HEK 293:Blood 
Cells  

HEK 293 Cells 
(per µl) 

Blood Cells 
(per µl) 

HEK 293  
Cell Ratio 

HEK 293 Cells  
(per µl)   

1:10000 0.305 3350 0.000091% 0.29 

1:100000 0.035 3091 0.000011% 0.0275 

1:1000000 0.02 3079 0.000006% 0.015 

Prepared Ratios Flow Cytometry Measurements RTCS Measurement 

LN229:Blood 
Cells  

LN229 Cells 
(per µl) 

Blood Cells 
(per µl) 

LN229 Cell 
Ratio 

LN229 Cells  
(per µl)   

1:10000 0.34 3198 0.000106% 0.304 

1:100000 0.090 3451 0.000026% 0.088 

1:1000000 0.025 3221 0.000007% 0.020 
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Figure 3.8 Rare cell quantification experiments using flow cytometry and the RTCS platform. 

(a) HEK cells spiked into diluted blood at different ratios (1:10000, 1:100000, and 1:1000000) 

measured by conventional flow cytometry (blue) and the RTCS platform (red). (b) Patient-derived 

circulating tumor cells (LN229 cells) spiked into diluted blood at different ratios (1:10000, 1:100000, 

and 1:1000000) measured by conventional flow cytometry (blue) and the RTCS platform (red). The 

RTCS data shows a correspondence with the flow cytometry data for all three spiking ratios. Each 

bar represents the average of three measurements. 

3.4 Conclusions 

To conclude, we have developed a real-time and high-throughput fluorescence cytometer 

platform. The system consists of a line CMOS image sensor with readout circuitry, an optical 

system and a real-time particle quantification program. The program integrates a GUI that can 

acquire data, process fluorescence signals from flowing cells or particles, and display intensity 

histograms in real-time. Significantly, the RTCS platform was able to operate at analytical 

throughputs of over 500,000 beads and 75,000 cells per second, which represents a 50-fold and 

7-fold improvement over commercial flow cytometers. Additionally, the maximum volumetric 

throughput of the RTCS system was 6 ml/min; 60 times higher than achievable using conventional 

flow cytometry and a crucial feature for rare cell analysis. The real-time quantification capability is 

another key advantage of the RTCS platform compared to other microflow cytometers that utilize 

post-data analysis. To showcase the utility of the RTCS platform in biological experimentation, 

CTC-spiked blood samples were assayed and quantified in a high-throughput manner. The system 

was able to detect CTCs at levels as low as 6 cells per one million blood cells. The sensitivity of 

the system was calculated to be 3190 MESF units using commercial calibration beads. 

 

a   
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Accordingly, the RTCS system allows for sensitive, high-throughput and real-time detection of 

fluorescent particles and cells. Moreover, the system is simple to construct, easy-to-use and 

applicable to point-of-care diagnostic applications. 
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Chapter 4 

 

A High-Throughput Fluorescence-Based 

Cell Sorting System for Rare Cell 

Enrichment* 

 

Detection of circulating tumor cells (CTCs) in peripheral blood is indicative of early tumor 

progression and as such, an important biomarker for the early diagnosis, monitoring and prognosis 

of cancer. Unfortunately, CTCs are found in very low concentrations and the challenge of enriching 

and isolating rare cells is often a stumbling block for research on CTCs in peripheral blood. 

Microfluidic technologies enable the precise manipulation of fluids and thus can be used to 

develop cell sorting methods for clinical diagnostics. In this chapter, we report the development of 

a fluorescence-based active cell sorting system for isolating rare cells from peripheral blood, with 

high sensitivity and throughput. Our method is based on positive selection, where cell-surface 

markers are labelled with fluorescent antibodies, ranked by aliquots and sorted. The system 

consists of a multilayer microfluidic device featuring ten parallel channels with control valves, an 

optical system and a 1D complementary metal-oxide-semiconductor (CMOS) image sensor for 

fluorescence-based detection. A field programmable gate array (FPGA) integrated with a custom-

designed printed circuit board is used for the real-time data acquisition, processing of fluorescence 

signals from target cells and triggering of the solenoid valves for aliquot sorting. We first validated 

this method by analysing fluorescent beads spiked into a non-fluorescent bead suspension at 

ratios ranging from 1:100 to 1:1,000,000 (fluorescent beads: non-fluorescent beads), with results 

indicating a 2,000x enrichment and a recovery rate of > 90%. Furthermore, cancer cells spiked 

into 1 ml of blood at a ratio of 1:108 (cancer cells: blood cells) were enriched by a factor of 72 

million after three rounds of sorting. The current platform can operate with a volumetric throughput 

of 500µl/min and is able to analyse 1 mL of whole blood in only 30 minutes. The tools developed 

herein facilitate a range of fundamental investigations regarding rare cells, as well as the possibility 

of a non-invasive biopsy tool for clinical use. 

                                                
* The work was performed in collaboration with Yingchao Meng from Institute for Chemical and 
Bioengineering, ETH Zurich, Zurich, Switzerland. 
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4.1  Introduction 

More than 90% of cancer-related deaths are caused by cancer metastasis1. The metastatic 

process occurs when cancer cells are shed from primary or metastatic sites into the peripheral 

blood. Then, these circulating tumor cells (CTCs) can potentially invade and colonize distant sites, 

leading to secondary tumors. Studies have demonstrated that enumeration of CTCs is correlated 

with cancer progression2 and metastasis3. Thus, the enumeration of CTCs represents a predictive 

marker that can be used in a minimally-invasive liquid biopsy. Unfortunately, CTCs are extremely 

rare compared to other cells in the blood, being in quantities as low as 1-10 CTCs per one billion 

blood cells4,5. Accordingly, the development of quantitative tools for CTC separation is immensely 

challenging.  Currently, the CellSearch system, introduced in 2004 and developed by Janssen 

Diagnostics, is the first and only CTC separation technique approved by US Food and Drug 

Administration (FDA) for clinical application. Detection is based on immunomagnetic separation, 

with ferrofluid particles coated with antibodies targeting the EpCAM antigen for CTC enrichment.  

Although this system has significant prognostic utility, several studies suggest that it only detects 

CTCs from a fraction of metastatic patients and with a low sensitivity6. In addition, the approach 

offers only enumeration and limited phenotypic analysis, with just one open channel for the 

addition of new fluorescence markers. It also does not yield purified viable cells that can be used 

for downstream molecular analysis or functional studies. To this end, developing efficient systems 

for enriching rare cells remains a challenge. 

It should also be noted that cancer cells are heterogeneous, with physical and biological attributes 

varying significantly within a CTC population over time. CTC separation techniques typically 

leverage biological and/or physical properties of CTCs to differentiate them from more abundant 

red blood cells (RBCs) and white blood cells (WBCs). The biological properties of CTCs can be 

reported through the expression of specific surface markers, e.g. epithelial cell adhesion molecule 

(EpCAM) on the membrane7, while physical properties primarily relate to size, deformability, 

density and dielectric properties8. Surface antigens such as EpCAM are widely used to select 

CTCs9, however, studies have shown that the reliance on one biomarker may not be sufficient to 

characterize whole population of CTCs10.  In this regard, it is important to note that EpCAM is the 

primary marker used in the CellSearch system, which is the current "golden standard" for CTC 

isolation11. Interestingly, studies have shown that, a method based on EpCAM detection by the 

CellSearch system, could not detect the CTCs with low or no EpCAM expression12. Additionally, 

It has been shown that tumor cells with low EpCAM expression have more mesenchymal 

characteristics and might correlate with cancer progression12. Indeed, when used in such as case, 

the CellSearch system demonstrated a low recovery rate (2%) for mesenchymal breast cancer 

cell lines13. Moreover, the CellSearch system generally isolates CTCs within a high number WBCs, 

yielding a low purity (0.01~0.1%) sample for downstream analysis14.  
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While physical methods (based on size) for isolation are attractive due to a lack of labeling steps, 

they are limited because of the overlap in size distributions of white blood cells and CTCs15,16,17. 

Accordingly, to detect and process the smallest CTCs, purity must be sacrificed. Fluorescence-

activated cell sorting (FACS), a high-throughput cell analysis tool, can also be used to separate 

CTCs from peripheral blood18. However, the current commercial FACS systems, apart from their 

high cost, can damage cells due to large shear stresses and the use of strong electrical fields19. 

Moreover, most commercial flow cytometers are unsuitable for rapidly separating CTCs from 

peripheral blood due to their low volumetric throughputs (between 10 and 100 µl/min)20. Based on 

these figures, the processing of a 5 ml blood sample can take more than 24 hours21.  

In recent years, a number of microfluidic-based FACS (μFACS) systems have been suggested as 

tools for the separation of CTCs. Despite their improved efficiency, recovery, biocompatibility and 

cost-effectiveness when compared to traditional FACS systems, the throughputs associated with 

current μFACS systems heavily depend on the sensitivity of the adopted actuation method, which 

can be acoustophoretic 22, dielectrophoretic 23, optical 24 or hydrodynamic in nature25. For rare 

event sorting, a high sorting frequency is needed. However, this may potentially compromise 

sorting accuracy and lead to a loss of rare cells. Most recent activities have been focused on 

further improving current actuation techniques for both analysis and sorting, with sorting of single 

cells at throughputs of up to 1 KHz being possible. Although FACS provides detailed, quantitative 

information about single cells and is routinely used in clinical settings, its use in the analysis of 

rare cells in complex matrices is a challenge and it remains challenging to detect such cells 

amongst billions of WBCs, RBCs, and platelets. To address this challenge, Chiu and co-workers 

reported a CTC isolation technique called ensemble-decision aliquot ranking (eDAR)26. Instead of 

analyzing individual cells, eDAR probes rare cells in tiny aliquots (few nanoliters) of blood, with 

the aliquots of blood-containing CTCs being actively sorted and collected in an on-chip filtration 

system that removes surrounding blood cells. Although eDAR demonstrated an improved 

sensitivity when compared to the CellSearch system, it lacks off-chip collection of CTCs for 

downstream analysis. Additionally, collecting the cells in a manner that ensures that they are 

available for downstream analysis is becoming increasingly important as cultured CTCs can be 

used various in clinical applications such as drug screening27. To this end, a combination of high 

sensitivity, high recovery and high purity are essential for a successful CTC isolation method.  

Herein, we present a high-throughput μFACS system based on laser-induced fluorescence 

detection that is able to enrich CTCs from whole blood for downstream analysis. To increase 

analytical throughput, the system integrates a one-dimensional (1D) complementary metal-oxide 

semiconductor (CMOS) image sensor capable of imaging 10 parallel microfluidic channels. Since 

μFACS systems that rely on hydrodynamic focusing are difficult to operate at high-throughput, we 

use sheathless viscoelastic focusing to focus cells into single streams within microfluidic channels. 

The 1D CMOS sensor is capable of detecting signals from multiple cells flowing within the 10 

parallel microfluidic channels. These cells are subsequently sorted on-chip, with a fluidic sorting 

scheme based on pneumatic on-chip valves. A field-programmable gate array (FPGA) is used to 
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control the actuation valves associated with each microfluidic channel. The presented system 

does not aim to sequentially analyze and sort individual cells, but rather adopts a similar idea to 

that used in eDAR to sort cells into tiny aliquots that are sorted multiple times to ensure enrichment 

of rare cells. Each aliquot is ranked based on whether a rare cell is present or not in the ensemble 

of cells within the aliquot. To validate and assess the performance of the presented system, we 

isolated target cells using polystyrene (PS) beads at an extremely low ratio of fluorescent to non-

fluorescent beads (1:1,000,000), a value that is representative of the true situation in blood. 

Furthermore, as a proof-of-concept clinical study, we spiked cultured cancer cells (LN-229) into 

whole blood and separation efficiency, cell recovery rate and cell viability after the sorting 

operation were investigated. The microfluidic platform can routinely analyze 1 ml whole blood 

within 30 minutes, achieving a recovery of greater than 93% and an enrichment of 72-million fold.  

4.2 Experimental 

4.2.1 Microfluidic Device Design and Fabrication 

The microfluidic sorting device comprises a control layer and two fluidic layers. The control layer 

is located underneath the fluidic layers and can be deformed with applied pressure, resulting in 

the blockage of the fluidic channel. The first fluidic layer has channels with a rectangular cross-

section and second fluidic layer contains channels with a rounded cross-section channel (Figure 

4.1 bottom right inset).  

Fluidic layer#1 comprises 10 parallel 3 cm long, 55 μm wide and 50 μm deep straight channels 

separated by 80 μm. Use of such low aspect ratio microchannels allows for the focusing of cells 

(with a mean diameter of 12 μm) into a single stream28. Fluidic layer#1 also contains a series of 

1cm long, 30 μm wide and 50 μm deep “L-shaped” channels (Figure 4.1 top inset), which connect 

input channels to fluidic layer #2 (located in the sorting region), which includes waste and 

collection outlets. Each L-shaped channel has a different length and, in this way, adds a time delay 

between the detection and sorting in each channel. Solenoid valves (MH1, Festo AG, Lupfig, 

Switzerland) are used to actuate the on-chip PDMS valves. The valves themselves have a 

response time of 5 ms, however, the total response time is approximately 25 ms, due to membrane 

actuation. 

The fluidic layer#2 consists of a series of 30 μm deep rounded channels located in the sorting 

region of the device and between the control and fluidic layer #1. Such a rounded structure allows 

the control layer to completely block the fluid flow, allowing cells to be directed towards either the 

waste or collection outlets (Figure 4.1 bottom inset). The sorting region comprises ten T-shaped 

fluidic structures containing two valves (control valves #1 and #2). When control valve#2 is closed 

and control valve#1 is open, cells flow through the channel towards the waste outlet. However, 
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once a target cell is detected, control valve#1 opens while control valve#2 is close and thus the 

target cell is collected via the collection outlet.  

The device was designed using AutoCAD 2019 (Autodesk, San Rafael, USA) and printed onto 

photolithographic masks (Micro Lithography Services Ltd, Chelmsford, UK). Since the multilayer 

sorting device consists of a control layer and two fluidic layers, the fabrication process consisted 

of the following steps. 

The 15 µm deep control layer was fabricated by standard photolithographic techniques. SU-8 2010 

photoresist (Micro Resist Technology, Berlin, Germany) was spin-coated on a 5-inch diameter 

silicon wafer (Siegert wafer GmbH, Aachen, Germany). The spin speed was set to 2000 rpm, 

which resulted in a 15 µm resist layer thickness. The spin-coated wafer was baked on a hot plate 

at 65°C for one minute and 95°C for four minutes. Channel patterns in the mask were transferred 

to the SU-8 coated wafer after 30 seconds of UV exposure. Subsequently, the wafer was baked 

on a 95°C hot plate for four minutes to facilitate cross-linking of the exposed SU-8 photoresist. 

The patterned structures were developed using mr-Dev 600 Developer solution (Micro Resist 

Technology, Berlin, Germany), which removes the unexposed regions. Finally, the wafer was 

thoroughly rinsed with isopropyl alcohol and water, followed by drying with pressured air. The 

fabricated mold was then hard-baked at 150°C on a hot plate for 10 minutes. For the fabrication 

of the fluidic layer#2, AZ40XT photoresist was spin-coated (Micro Resist Technology, Berlin, 

Germany) on a 5-inch diameter silicon wafer (Siegert wafer GmbH, Aachen, Germany). The spin 

speed was set at 1600 rpm, which resulted in a 30 µm-thick resist layer. The spin-coated wafer 

was then baked at 126°C on a hot plate for seven minutes. Channel patterns in the mask were 

transferred to the wafer after 100 seconds of UV exposure. After exposure, the wafer was left 

inside a closed vessel containing wet towels for 8 hours. This rehydration step was essential to 

prevent cracks and bubbles forming within the resist layer. The rehydrated wafer was post-baked 

on a 105°C hot plate for 100 seconds to facilitate the cross-linking process of the exposed AZ40XT 

photoresist. The patterned structures were developed using AZ 300 MIF Developer solution (Micro 

Resist Technology, Berlin, Germany), which removes the unexposed regions. The wafer was 

thoroughly rinsed with water, followed by drying with pressured air. A circular channel structure 

was necessary to operate the valves with minimum leakage. Therefore, the developed wafer was 

baked on a 142°C hot plate for two minutes to allow the re-flow of the developed rectangular 

channel structures.  
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Figure 4.1 Schematic of the microfluidic sorter device. The channels in the flow layer are shown 

in orange and blue, whilst the channels in the control layer are shown in gray. The microfluidic device 

consists of three layers: the fluidic layer #1 which allows the cell sample to flow through the detection 

area, the fluidic layer #2 channels located in the sorting region of the device, between the control and 

the fluidic layer #1, and a control layer to allow cells to flow either towards the waste or the collection 

outlets. The blood cells (CTCs and RBCs) are initially imaged in the detection area and those sorted 

are directed towards the collection outlet, whereas unsorted cells are collected from the waste outlet. 

Fluidic layer#1 was fabricated using standard photolithographic techniques onto the fluidic layer#2 

patterned mold. First, SU-8 50 photoresist (Micro Resist Technology, Berlin, Germany) was spin-

coated onto a 5-inch diameter silicon wafer (Siegert wafer GmbH, Aachen, Germany). A spin 

speed of 2000 rpm resulted in a 50 µm thick resist layer. The spin-coated wafer was baked on a 
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65°C hot plate for one minute and a 95°C hot plate for four minutes. Then, channel patterns in the 

mask were transferred to the wafer via exposure to UV radiation for 30 seconds. After exposure, 

the wafer was baked on a 95°C hot plate for four minutes to facilitate cross-linking of the exposed 

SU-8 photoresist. The patterned structures were developed using an mr-Dev 600 Developer 

solution (Micro Resist Technology, Berlin, Germany) by removing the unexposed regions. Finally, 

the wafer was rinsed with isopropyl alcohol and water, followed by drying using pressured air. The 

fabricated mold was hard-baked on a 150°C hot plate for 10 minutes. 

Fabricated molds were placed into a desiccator containing a beaker of chlorotrimethylsilane 

(Sigma-Aldrich, Buchs, Switzerland) solution and incubated for 2 hours at a pressure of 150 mbar. 

The process of mould functionalization with chlorotrimethylsilane aids peeling the cured PDMS 

from the mould. PDMS mixtures were prepared at 20:1 and 5:1 (wt/wt) PDMS base to curing agent 

(Sylgard 184, Dow Corning, Midland, USA) ratios when fabricating the control and fluidic layer, 

respectively. Both mixtures were first degassed in a desiccator for 30 minutes. Then the 5:1 

mixture was poured onto the fluidic layer mould and the 20:1 mixture was spin-coated at 2600 rpm 

on the control layer mould for 40 seconds. Then, both wafers were put into a 70°C oven for 45 

minutes. Cured PDMS layer was peeled off from the fluidic layer mould and individual devices 

were diced. The diced devices were manually aligned with the control layer mould under a 

stereoscope.  

The aligned devices were cured in a 70°C oven overnight, allowing the layers to bond through the 

diffusion of the curing agent from the fluidic to the control layer. The cured devices were diced 

using a scalpel and access ports (0.76 mm diameter) were punched using a hole puncher (Syneo, 

West Palm Beach, USA). The devices were bonded on glass slides after exposing both surfaces 

to an oxygen plasma (EMITECH K1000X, Quorum Technologies, Laughton, United Kingdom) for 

1 minute. Finally, bonded devices were left on a hot plate at 120°C for 2 hours to strengthen the 

bonding.  

4.2.2 Optical Setup and Data Acquisition 

The optical detection system consisted of an Eclipse Ti-E inverted microscope (Nikon, Zurich, 

Switzerland), integrating a xy motorized stage (Mad City Labs, Maddison, USA). A 488 nm laser 

beam (Coherent Genesis MX, Glasgow, UK) was transmitted through an acousto-optical tunable 

filter (AOTF nC-400-650-TN, AA Opto-electronic, Orsay, France) connected to a RF driver (AA 

Opto-electronic, Orsay, France). The laser beam was focused to a light sheet with a width 

approximately equal to the average cell diameter (~15 μm) using a cylindrical lens (LJ1558RM-A, 

Thorlabs, Lubeck, Germany). Fluorescence photons were collected via a 10X/0.30 N.A. objective 

(Nikon, Zurich, Switzerland), passed through a 530 nm bandpass filter (F37-520, AHF, Tubingen, 

Germany) to reject the excitation light and focused by the microscope tube lens onto an S11639 

CMOS sensor (Hamamatsu, Solothurn, Switzerland). A custom-designed printed circuit board 

(PCB) was used both as a readout circuit for the CMOS image sensor and for transferring the 
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acquired data to an FPGA board via an analog-to-digital converter (ADC) board. The data were 

processed in the FPGA using a custom-developed program written in Verilog Hardware 

Description Language (HDL) (Vivado Design Suite 2020, Xilinx, San Jose, USA) (Figure 4.2). 

 

Figure 4.2 Fluorescence sorting system. The system incorporates a multilayer microfluidic device 

connected to a series of solenoid valves, a 488 nm laser source, a 10X/0.30 N.A. objective, a 488 

nm longpass filter and a custom designed readout circuitry connected to an FPGA board for 

acquisition, real-time processing of the fluorescence signals and subsequent sorting of the target 

cells.   

4.2.3 Microfluidic Device Operation 

To assess the performance of the platform, commercial 10 μm diameter fluorescent beads 
(Thermo Fischer Scientific, Basel, Switzerland) were used as model micron-sized species. To 

assess the utility of the platform in CTC analysis, we mimicked CTCs using fluorescently-labelled 

(Alexa Fluor® 488 anti-human EGFR antibody, Thermo Fischer Scientific, Basel, Switzerland) 

patient-derived human brain glioblastoma (LN229) cells (gift from Dr Tobias Weiss, University of 

Zurich, Switzerland) which were spiked into diluted blood. Blood samples were obtained from the 

Blutspende Zurich blood donation center.  

Suspensions of beads and cells were prepared at concentrations between 105 and 107 beads/ml 

and 0.5×106 and 3×106 cells/ml, respectively. Suspensions were loaded into 10 ml syringes 

(Hamilton Laboratory Products, Reno, USA) and were delivered into the microfluidic device using 
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a precision syringe pump (neMESYS, Cetoni, Korbussen, Germany) at a volumetric flow rate of 

500 µl/min. The microfluidic device was then placed on the motorized xy translation stage (Mad 

City Laboratories, Maddison, USA) to facilitate observation and positioning to the laser excitation 

sheet. 

Polyethylene oxide (PEO) solutions were added to all particle/cell suspensions to enable 

cell/particle focusing in a sheathless manner. A stock solution of 1 MDa PEO (Sigma-Aldrich, 

Buchs, Switzerland) at a concentration of 10,000 ppm was prepared in Dulbecco’s phosphate-

buffered saline (DPBS) (Life Technologies, Zug, Switzerland) and aged at room temperature for 

one month to enhance PEO stability28. The stabilized PEO solution was diluted with DPBS for 

imaging cytometry experiments, resulting in a final PEO concentration of 300 ppm. Cell 

suspensions were mixed with 20% v/v Optiprep Density Gradient Medium (Sigma-Aldrich, Buchs, 

Switzerland) to minimize cell sedimentation. 

4.3 Circuit Design and Simulations 

4.3.1 Sensor Readout Circuit 

The S11639 CMOS line sensor (Hamamatsu, Solothurn, Switzerland) was used to acquire 

fluorescence signals from cells. Key features of the sensor include a high sensitivity (1300 V/lx.s) 

in the ultraviolet (UV) to near-infrared (NIR) regions of the electromagnetic spectrum (200 nm to 

1000 nm),  a variable integration time using an electronic shutter function, 5 V single power supply 

operation and a high acquisition rate (up to 10 MHz). A simplified internal block diagram and the 

readout circuit of the sensor are provided in Figure 4.3.  

The S11639 image sensor has two input control signals, called a "master clock" (CLK) and a "start 

pulse" (ST) and two output signals, called "video" and "end of scan" (or EOS) (Figure 4.3a). It 

should also be noted that except for the "video signal", all of the control signals are digital. 

Therefore, an integrated circuit (74HC541, Mouser Electronics, Mansfield, USA) that has high 

input and low output impedances was used to isolate digital signals from the rest of the circuit. 

The analog "video signal" was connected to a buffer circuit including a LT1818 (Mouser 

Electronics, Mansfield, USA) low noise, low distortion and high slew rate (2500V/μs) operational 

amplifier (OPAMP) (Figure 4.3b). This buffer circuit provided fast settling characteristics for the 

quick recovery of the sample loading effects of the analog-to-digital converter (ADC) part of the 

system. The "video signal" is digitized using a high-speed analog-to-digital converter (ADC) 

(AN926, ALINX Electronics Technology Co. Ltd., Shanghai, China) to perform signal processing 

operations such as signal intensity normalization and peak detection. The entire readout circuit for 

the S11639 image sensor was illustrated in Figure 4.3b. 
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Figure 4.3 Block diagram of the sensor and readout circuit. (a) Internal block diagram of the 

S11639 analog image sensor including a timing generator, a photodiode array and the corresponding 

readout circuitry. (b) The readout circuit of the S11639 sensor includes digital control signals ST and 

CLK to control the exposure time and frame rate parameters. The analog video signal is the output 

signal that corresponds to individual pixel readings of the image sensor.  
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4.3.3 Valve Control Circuit 

The valve control circuit was designed using solenoid valves (MH1, Festo AG, Lupfig, Switzerland) 

that require 50 mA of operating current. Therefore, a Darlington pair29 array (ULN2803A, Distrelec 

Schweiz, Nänikon, Switzerland) with eight parallel inputs was integrated to satisfy the current 

requirement of the valves. More specifically, the Darlington pair array consists of two cascaded 

bipolar transistors where the emitter of one transistor is connected to the base of the other 

transistor. Such a configuration yields a considerably high current gain (>1000) by drawing only a 

small base current (<1 mA). Three Darlington array chips connected in parallel, are capable of 

controlling 24 solenoid valves which were integrated into the sorter platform. Inputs of the 

Darlington arrays were then connected to the FPGA board, allowing digital control of the solenoid 

valves using a custom-developed program (cell sorter program described in the Section 4.4) 

written in Verilog Hardware Description Language (Verilog HDL) and implemented using the 

FPGA. 

4.3.4 Integration of Circuits 

The final circuit was constructed by integrating the readout circuit, the variable gain amplifier and 

the valve control circuit (Figure 4.5). A two-layer printed circuit board (PCB) of the main circuit 

was designed using Eagle Electronic Design software (Autodesk, San Rafael, USA) (PCB design 

was provided in Appendix 4) and was connected to the FPGA board via general-purpose 

input/output (GPIO) pins.  

The workflow of the circuit operations starts with analog fluorescence signal detection via the 

readout circuitry. Then, the fluorescence signal is amplified using the voltage amplifier which also 

adjusts the signal voltage offset. Finally, the signal is digitized through the ADC circuit and 

transferred to the FPGA board for digital signal processing using the cell sorter program written in 

Verilog Hardware Description Language. This entire dedicated circuit (connected to the FPGA) 

compares the intensity count at each time point to a threshold value defined by the background 

signal. If a time bin contained a signal higher than the background threshold value, the solenoid 

valves are actuated to sort the fluorescence particle according to the result of the cell sorter 

program.  
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Figure 4.5 Circuit diagram of the sorter system. Circuit schematic of the sorting system including 

the sensor readout circuit (shown in red dashed box), variable gain and offset voltage amplifier 

(shown in yellow dashed box) and an FPGA board connected to an ADC and valve control circuit. 

4.4 Cell Sorter Program 

Because computer processors are not designed for high-speed timing and synchronization, we 

used an independent dedicated logic circuit processor called a field programmable gate array or 

FPGA. FPGAs are configurable integrated circuits which have two parts: programmable logic 

blocks and a set of reconfigurable interconnections to wire these logic blocks together. The logic 

blocks can be configured independently to perform dedicated tasks in parallel. The configurations 

of an FPGA are adjusted using hardware description languages (HDLs) such as Verilog HDL or 

Very High-Speed Integrated Circuit Hardware Description Language (VHDL). 

FPGAs have low latency values, typically below 1 µs, since they do not depend on a generic 

operating system such as Windows or Linux and data communication protocols such as USB or 

PCIe. Microprocessor-based systems have parallelization capability but it are limited by the 

number of processor cores. The latency values of the microprocessors are typically in milliseconds 

which are significantly higher than those of FPGAs. Additionally, latency values in FPGAs are 

more deterministic and robust than in microprocessors, whose values can fluctuate with time. To 

this end, FPGAs offer a great advantage for real-time signal processing in applications having 

many signals generated in parallel in a time-sensitive manner. 
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Moreover, the recovery rates, the ratio of the collected fluorescent beads to the initial fluorescent 

bead concentration, were determined to be >%90 in all cases (Figure 4.6b). 

 

Figure 4.6 Optimization of enrichment and recovery of particles after the sorting process. (a) 

enrichment factors for different concentrations of fluorescent beads (10, 100 and 1000 beads/ml) 

obtained after sorting of suspensions initially containing each of these concentrations mixed with 

three non-fluorescent bead suspensions (concentrations of 105 (light green), 106 (green) and 107 (dark 

green) beads/ml). Enrichment factors are independent of the non-fluorescent bead concentrations, 

with enrichment factors >2000 being achieved. (b) Recoveries of the different concentrations of 

fluorescent beads (10, 100 and 1000 beads/ml) are >90% in all cases. 

4.5.2 Rare Cell Enrichment 

After achieving a successful enrichment using fluorescent beads, the performance of the 

microfluidic sorting platform was validated in terms of rare cell enrichment. Measurements were 

performed using fluorescently-labelled, patient-derived human brain glioblastoma (LN229) cells 
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(as CTCs) spiked into the blood. Blood samples were obtained from the Blutspende Zurich blood 

donation center. 1 ml of blood was centrifuged at 400g for 5 minutes at 4°C and the plasma (which 

causes a background noise signal due to autofluorescence) removed as supernatant. Next, 1x 

phosphate-buffered saline (PBS, Life Technologies, Zug, Switzerland) was added to the remaining 

red blood cell solution up to a final volume of 5 ml, and the suspension centrifuged again at 400g 

for 5 minutes at 4°C to wash out any remaining plasma components. Finally, the supernatant was 

removed and the red blood cells were diluted with 1X PBS to yield a total volume of 5ml (also with 

the addition of 0.3% w/v PEO). 

Initially, LN229 cells were spiked into the 5 ml solution of diluted blood at a concentration of 10 

cells/ml, yielding a ratio of 1/108 CTCs cells to blood cells. Next, the sample was injected into the 

microfluidic platform and sorted 3 times. After each round of sorting, the sample was collected 

from the outlet, diluted with 1x PBS, 0.3% w/v PEO reaching a total volume of 5ml and reinjected 

back into the system. The eluent from each outlet was collected, analyzed using flow cytometry 

and compared to the unprocessed input sample (Figure 4.7). A plot of forward scatter vs 

fluorescence intensity for the initial sample (with CTCs at a 1/108 ratio with respect to RBCs) is 

shown in Figure 4.7a. Identification of CTCs in the cell mixture was achieved by exploiting the 

fluorescence of the conjugated antibodies at 520 nm, which is significantly higher than the 

background RBC signal. Analysis of the eluents after each round clearly demonstrate the ability 

of our platform to separate CTCs from RBCs. More specifically, after two rounds of sorting, 

increases in the enrichment of LN229 cells were observed (Figure 4.7b, c). However, after the 

third round, the enrichment rate dramatically increased reaching a value of 72 million and a purity 

of 72.29% (Figure 4.7d). Moreover, the CTCs contained in a 5 ml diluted blood sample were 

processed in just 30 minutes, compared to the 24 hours needed for the analysis of 1 mL whole 

blood when using conventional flow cytometry21. The current platform is operationally similar to 

flow cytometry but with important differences. The throughput of traditional flow cytometry is limited 

by the need to sequentially analyse individual cells in a single-file format. The entire process may 

take over 24 hours for a sample containing 5 billion blood cells.  In the current system, and to 

greatly increase throughput, the platform looks for rare cells in nanoliter aliquots of blood that each 

contain thousands of cells.  
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Figure 4.7 Flow cytometry scatter plots reporting CTC enrichment after multiple sorting 

rounds. CTCs spiked into diluted blood at a ratio of 1:108 (CTCs to blood cells) were significantly 

enriched after three sorting rounds. Scatter plots of forward scatter vs fluorescence intensity 

(emission at 525 nm) show the percentages of the RBCs and CTCs before sorting (a) and the after 

the first (b), the second (c) and third sorting rounds (d). After three rounds of sorting, we achieved a 

purity of 72.29%.   

Additionally, the viability of CTCs was assessed to examine possible the effects of shear stress 

during the sorting process. Among the many reasons why recovery rates are commonly low for 

rare cells is the loss or damage of cells during the sorting process30. These losses can be caused 

by mechanical lysis or cell adhesion to the tubing or the channels of the microfluidic device during 

the sorting process. To assess CTC viability, cells were fluorescently labeled using the Zombie 
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NIR™ Fixable Viability Kit (Biolegend, San Diego, USA) and spiked into PBS buffer, containing 

0.3% w/v 600 kDa PEO at a concentration of 1000 cells/ml. Cell viability experiments were 

conducted by calculating the concentration of cells using a flow cytometer prior to serial dilution. 

Both control sample (cell sample incubated at room temperature) and the sample collected after 

the first round of sorting were analyzed using a conventional flow cytometer. The cell viability 

detected at 690 nm after sorting was determined to be 97.3%, which is similar to the viability of 

the control sample (98.7%) for the same temperature and incubation time (Figure 4.8). 

 

Figure 4.8 CTC viability measurements. Fluorescence intensity histograms of LN229 cells in the 

control sample (a) and the sample collected after first round of sorting (b). Both samples showed 

similar viability values (98.7% and 97.3%), highlighting the fact that the microfluidic sorting system 

did not introduce significant stress on the cells. 

4.6 Conclusions 

To conclude, we have developed a high-throughput and compact fluorescence-activated sorting 

platform, which operates in a different manner to other techniques for enumerating and isolating 

rare cells. The system consists of a 1D CMOS image sensor with a custom-designed readout 

circuitry, an optical system and a dedicated logic circuit (FPGA board) that can acquire data, 

process fluorescence signals or particles, and display intensity histograms in real time. Detection, 

separation and analysis were integrated into a compact platform aiming for an “all-in-one” platform 
for the analysis of CTCs. The platform had a volumetric throughput of 500 µl/min, and thus the 

entire process takes less than 30 minutes to process 5 mL of diluted blood. In addition, the method 

yields an enrichment factor of 72x106 , 74% purity and high cell viability (97.3%), confirming that 
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the current platform has high throughput, sensitivity, and accuracy. We believe that the presented 

platform is an ideal system for capturing CTCs and performing subsequent analysis of the 

expression of protein markers. Cells are captured and enriched into 10 parallel channels, ensuring 

that acquisition can be performed much faster than when using single channel techniques. 

Additionally, the method can be easily interfaced with downstream analysis, such as flow 

cytometry. After processing, various downstream analyses could be performed, including cell 

culture or gene analysis. If the captured CTCs are also lysed within a small volume, it may be 

possible to use other proteomic methods. Finally, it should be noted that the current platform could 

be improved by redesigning the microfluidic system to contain two sequential sorting modules, 

with the second serving as an additional purification to enhance both enrichment and purity. 
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Chapter 5 

 

Smartphone-Based Imaging Flow 

Cytometry for High-Throughput Single 

Cell Analysis 

 

In this chapter, we present a portable imaging flow cytometer comprising a smartphone, a cost-

effective, small-footprint optical system and a PDMS-based microfluidic device. A custom Android 

program integrating a graphical user interface (GUI) provides a high degree of user control over 

high-speed image acquisition using the cell phone camera, enabling single cell analysis at 

throughputs of up to 50,000 cells per second. Importantly, the integrated system allows for the 

accurate sizing and discrimination of different cell lines. In addition, the system incorporates a 

real-time imaging algorithm able to analyse high-resolution brightfield images of single cells 

moving at high linear velocities. Specifically, we utilize elasto-inertial focusing to manipulate cells 

in a sheathless manner and machine-learning algorithms to analyse the obtained images. This 

allows label-free classification of different populations of cells of similar size but with different 

morphologies. The smartphone-based portable imaging flow cytometer (SIFC) is capable of 

enumerating single cells in flow and identifying cell morphological features in real-time at a 

throughput of up to 100 cells/s using minimal hardware and with high resolution. 
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5.1 Introduction 

Flow cytometry is a well-established analytical technique for rapidly enumerating and detecting of 

micron-sized species and cells suspended in a flowing fluid stream. It remains the gold-standard 

method for high-throughput counting and identification of cells within heterogeneous samples 

because of its quantitative nature and its ability to operate at high-throughput (>10,000 cells/s). 

Briefly, a conventional flow cytometer integrates a hydrodynamic system (almost always based 

around the use of a sheath fluid) to focus cells into a single file and a sensitive optical detection 

system (accompanied by fast signal processing system) to extract information relating to the size, 

morphology and content of individual cells1. Such a platform allows for high throughput cell 

enumeration with an analytical throughput normally between 20,000 and 70,000 events/s2, 

depending on sample concentration and flow rates. However, although conventional flow 

cytometers are able to collect scattering and fluorescence signals, they are unable to provide high-

quality morphological information of complex cellular phenotypes3. Moreover, conventional flow 

cytometers are typically bulky, very expensive and normally require a trained specialist for 

operation. All these features limit the use of flow cytometry in resource-limited regions4 or in point-

of-care diagnostics (POC) applications.  

Imaging flow cytometry (IFC) is a method that enables medium- or high-throughput imaging of 

cellular populations. IFC combines the high-throughput nature of conventional flow cytometry with 

the enhanced sensitivity and imaging capabilities of an optical microscope, providing for significant 

improvements in both information content and information retrieval rates5. However, in reality, the 

analytical throughput of conventional imaging flow cytometers is typically limited to 5,000 cells/s 

at 20× magnification6. This is one order magnitude lower than the maximum analytical throughputs 

reported for conventional flow cytometers6. Fortunately, recent efforts have leveraged the 

capabilities of microfluidic-based imaging flow cytometers to provide for significantly higher 

throughputs (up to 400,000 cells/s). For example, Rane et al. reported an imaging flow cytometer 

based on inertial particle focusing that was able to generate fluorescence images of single cells 

at a throughput of 96,000 cells/s7. Specifically, stroboscopic illumination was utilized to extract 

multi-color fluorescence, brightfield and dark-field images of cells and perform accurate cell sizing 

and cell cycle analysis in heterogeneous suspensions. In another study, fluorescence images of 

human cancer cells at a velocity of 1 m/s were acquired using light-sheet excitation in a mirror-

embedded microfluidic device8. This platform operates at an analytical throughput of 10,000 cells/s 

and perform offline image-based classification of MCF-7 (human breast adenocarcinoma) and HT-

29 (human colorectal adenocarcinoma) cells, extracting morphological features, such as cell area 

and perimeter. Additionally, Holzner and co-workers presented a high-throughput imaging 

cytometer incorporating elasto-inertial cell focusing and multiparametric detection9. This imaging 

platform, again incorporating stroboscopic illumination, enables multi-color fluorescence analysis 

of sub-cellular structures down to 500 nm. Although the aforementioned studies provide imaging 

information at high analytical throughput, they do require the use of costly and bulky equipment 

such as microscopes and expensive optical components, such as acoustooptic tunable filters, 
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high numerical aperture objectives and high-speed cameras. To address this issue, Otesteanu et 

al. reported a compact, low cost imaging flow cytometer incorporating off-line deep learning for 

blood diagnostics10. This instrument consisted of a straight microfluidic channel with a simple 

hardware configuration including objective lenses, a custom optical unit and a low-cost camera to 

achieve morphology-based diagnosis of Sézary syndrome. The presented platform is simple to 

implement, but is limited to operation at only 500 cells per second. 

According to Statista11, there are currently over 6.2 billion smartphone users. Unsurprisingly, 

smartphones are increasingly being used in a range of healthcare applications, such  as in the 

diagnosis of skin lesions through the analysis of camera images12,13. Additionally, due to recent 

advances in both hardware and software capabilities, smartphones are now being used as digital 

microscopes to analyze bodily fluids. For example, Im et al. reported a smartphone-based 

microscope for cancer cell diagnostics14. Here, target cells immunolabeled with molecular-specific 

microbeads are used to generate unique diffraction patterns that can be imaged using a 

smartphone camera. The acquired images are transferred to a server for image reconstruction 

and analysis. Significantly, this label-free microscopy platform was used to screen cancer cells in 

cervical specimens and detect human papillomavirus DNA. In a related study, a deep learning 

framework was reported for screening sickle cells in blood smears15. Briefly, blood smear images 

acquired using a smartphone camera were processed using deep neural networks for the 

semantic segmentation of healthy and sickle cells. Importantly, this platform achieved ~98% 

accuracy in sickle cell detection across 96 patient samples that included 32 sickle cell disease 

patients. Although the aforementioned studies involved the use of compact, portable and easy-to-

use instruments, they all require laborious computational steps and can only analyse static cellular 

suspensions. This limits their use as high throughput and simple-to-use IFC-based platforms for 

point-of-care applications. Interestingly, a cell-phone-based optofluidic imaging cytometry platform 

integrating compact optical components was recently presented by Ozcan and co-workers16. In 

this platform, fluorescently labeled particles or cells of interest are continuously delivered to an 

imaging probe volume through a disposable microfluidic channel positioned above the camera 

unit of a cell phone. This platform was used to measure the density of white blood cells in blood 

samples, with an optical (spatial) resolution of approximately 2 μm. However, volumetric flow rates 
were extremely low (less than 1 µl/min), and thus analytical throughputs (of ~130 cells per second) 

were significantly lower than the typical throughputs associated with conventional imaging flow 

cytometers. Consequently, there is an unmet need for a portable, easy-to-use and high-throughput 

imaging flow cytometry system. To this end, we report the design, fabrication and testing of a 

smartphone-based portable imaging flow cytometer (SIFC) for morphological cell analysis that 

operates at throughputs of up to 50,000 cells/s. The system consists of a single-channel 

microfluidic device, a smartphone and a collection of external optical components. A custom 

Android application that features a graphical user interface and a real-time machine learning-

based classification algorithm has also been developed to acquire and analyze high-resolution 

images of cells in flow.  
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5.2 Experimental Section 

5.2.1 Design and Fabrication of the Microfluidic Device 

The microfluidic device contains a rectangular cross-section microchannel that is 50 mm long, 1 

mm wide and 25 μm deep. Such a low aspect ratio rectangular cross-section microchannel allows 

for efficient focusing of cells (with a mean diameter of 12 μm) in the image plane. The microchannel 

pattern was designed using AutoCAD 2019 (Autodesk, San Rafael, USA) and printed onto a thin-

film photolithographic mask (Micro Lithography Services Ltd, Chelmsford, UK). Standard 

photolithographic techniques were used to fabricate an SU-8 master mold. First, SU-8 2010 

photoresist (Micro Resist Technology, Berlin, Germany) was spin-coated onto a 5-inch diameter 

silicon wafer (Siegert wafer GmbH, Aachen, Germany). A spin speed of 2000 rpm resulted in a 25 

µm thick resist layer. The spin-coated wafer was baked at 65°C for one minute and 95°C for four 

minutes on a hot plate. Channel patterns in the mask were transferred to the SU-8 coated wafer 

after 30 seconds of UV exposure. Subsequently, the wafer was baked on a 95°C hot plate for four 

minutes to facilitate the cross-linking of the exposed SU-8 photoresist. The patterned structures 

were developed in a mr-Dev 600 Developer solution (Micro Resist Technology, Berlin, Germany), 

which removes the unexposed regions of the photoresist. Finally, the wafer was thoroughly rinsed 

with isopropyl alcohol and water, followed by drying with pressurized air. The fabricated mold was 

then hard baked at 150°C on a hot plate for 10 minutes. Soft lithography methods were used to 

fabricate microfluidic devices. Briefly, the mold was placed into a desiccator containing a beaker 

of chlorotrimethylsilane (Sigma-Aldrich, Buchs, Switzerland) for 2 hours at a pressure of 150 mbar. 

Mold functionalization with chlorotrimethylsilane aids in peeling the cured PDMS substrate from 

the mold. A PDMS mixture was then prepared using a 10:1 (wt/wt) ratio of PDMS base to curing 

agent (Sylgard 184, Dow Corning, Midland, USA). This mixture was poured onto the mold, 

degassed in the desiccator for 30 minutes and cured overnight in an oven at 70°C. The cured 

PDMS was then peeled off the mold, and individual devices were diced. The cured devices were 

diced using a scalpel and access ports of all layers (0.76 mm diameter) were punched using a 

hole puncher (Syneo, West Palm Beach, USA). The devices were bonded to glass slides after 

exposing both surfaces with to an oxygen plasma (EMITECH K1000X, Quorum Technologies, 

Laughton, United Kingdom) for 1 minute. Finally, bonded devices were left on a hot plate at 120°C 

for 2 hours to strengthen the bonding.  

5.2.2 Optical Setup and Android Application 

The optical setup consisted of a 10× 22mm wide-field eyepiece (Nikon 10x, Egg, Switzerland), a 

series of objective lenses such as a 40×/0.65 N.A and a 60×/0.85 NA (AmScope Inc., Irvine, USA), 

a collimated LED light source (Thorlabs GmbH, Bergkirchen, Germany) and a miniature dovetail 

xyz stage (Thorlabs GmbH, Bergkirchen, Germany) (Figure 5.1). The microfluidic device was 

attached to a custom-designed aluminum holder mounted on the dovetail stage. The camera from 
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a Xiaomi Mi 9 cell phone (equipped with the Android 10 operating system) was used to acquire 

images of particles and cells in flow. The Xiaomi Mi 9 smartphone has a 48-megapixel RGB 

primary camera that is able to capture images of the cells at rates up to 240 frames per seconds, 

with an exposure time of 15 µs. The smartphone was placed inside a custom-designed rectangular 

3-D printed case stabilized with a pedestal pillar post (Thorlabs GmbH, Bergkirchen, Germany). 

Optical components were mounted and stabilized using a cage system (Thorlabs GmbH, 

Bergkirchen, Germany) and optical posts (Thorlabs GmbH, Bergkirchen, Germany) mounted onto 

an optical breadboard (Thorlabs GmbH, Bergkirchen, Germany). The eyepiece was placed directly 

in front of the primary camera of the smartphone and variable magnification factors achieved by 

exchanging the objective lens to obtain a higher spatial resolution for the cell morphology analysis.  

 

Figure 5.1 Smartphone-based imaging flow cytometer. The smartphone-based imaging flow 

cytometer comprises a microfluidic device, a smartphone, compact optical setup and a pressure 

pump for the delivery of the sample into the microfluidic device. 

A custom Android application based on the TensorFlow framework (Google, Mountain View, USA) 

was created. The application is named SmartFlow, and the source code is provided in Appendix 

5. SmartFlow integrates a graphical user interface and is used to capture raw cell images, process 

them in real-time and display the image classification results as probability values (Figure 5.2). 

The Android application consists of two main components: a main menu and real-time analysis 

module. The main menu screen allows the user to initiate a flow cytometry experiment, extract 

classification results from imaging cytometry experiments and provides instructions and 
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information regarding the imaging flow cytometry application (Figure 5.2a). Real-time analysis 

screen integrates a number of features, including the live acquisition of cell images, classification 

of results by applying a machine learning algorithm and adjustment of exposure time, kernel size, 

filter size and threshold. Briefly, the “kernel size” defines the size (in pixels) of the square structural 
element used in the morphological operations, “filter size” is used to specify the size of the median 

filter (in pixels) employed for denoising the raw image (if required), and “threshold” sets a threshold 
value (between 0 and 255) for the image binarization operation performed on the background-

subtracted image (Figure 5.2b).  

 

Figure 5.2 Screenshots of the SmartFlow application. (a) The main screen of the SmartFlow 

application includes the “start analysis” function for initializing imaging flow cytometry experiments. 
(b) The real-time analysis screen of the SmartFlow application displays the images captured using 

the imaging flow cytometer and the classification results of the machine learning-based algorithm. 

First, the user can set the exposure time and initiate the real-time processing algorithm by pressing 

the “start” button. The raw images captured from the smartphone camera are processed through 
an image-processing pipeline that includes background subtraction, thresholding and 

morphological operations (Figure 5.3). Next, the individual cells identified in these images are 
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delivered into a machine-learning algorithm (described in the section 5.3.2) which classifies 

different types of cells according to their morphological characteristics. 

 

Figure 5.3 Output frames obtained from each step of the image processing pipeline. (a) A single 

raw video frame including two cells, (b) The frame after background subtraction operation, (c) The 

frame after binarization using a defined threshold, (d) Holes inside the detected cells are filled, (e) 

False targets are eliminated via image erosion and dilation, (f) Final individual cell images with 

rectangular bounding boxes (shown in red). The scale bar is 20 µm. 
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3.2.3 Microfluidic Device Operation 

Suspensions of different bead sizes (Thermo Fischer Scientific, Basel Switzerland) and different 

cell lines were prepared at concentrations of between 8×106 and 4.5×107 beads/ml and 4×106 and 

6×106 cells/ml, respectively. Suspensions were loaded into 5 ml glass vials (Hamilton Laboratory 

Products, Reno, USA) and delivered into the microfluidic device using a precision pressure pump 

(Dolomite, Royston, UK) at 500 mbar. The microfluidic device was placed on the dovetail xyz 

translation stage allow positioning in the imaging plane of the optical system. Polyethylene oxide 

(PEO) solutions were added to all particle/cell suspensions to enable cell/particle focusing in a 

sheathless manner. A stock solution of 1 MDa PEO (Sigma-Aldrich, Buchs, Switzerland) at a 

concentration of 10,000 ppm was prepared in Dulbecco’s phosphate-buffered saline (DPBS) (Life 

Technologies, Zug, Switzerland) and aged at room temperature for one month to enhance PEO 

stability17. The stabilized PEO solution was diluted with DPBS for imaging cytometry experiments, 

resulting in a final PEO concentration of 1,000 ppm. Cell suspensions were mixed with 20% v/v 

Optiprep Density Gradient Medium (Sigma-Aldrich, Buchs, Switzerland) to minimize cell 

sedimentation. 

5.3 Results and Discussion 

5.3.1 Polymer Bead Quantitation 

To assess the maximum throughput of the SIFC system, initially experiments focused on the 

analysis of the 10, 12 and 15 µm bead suspensions. The maximum accessible frame rate of the 

Xiaomi Mi 9 smartphone camera was at 240 frames/s. Taking into account a 40× magnification 

the field of view (FOV) of the imaging flow cytometer setup was measured to be 0.3 mm x 0.3 mm. 

A pressure of 500 mbar was used to ensure that each bead was imaged only once in each frame. 

Additionally, and to ensure that the motion blur was less than 1 µm, the exposure time was set to 

15 µs, the minimum exposure time of the smartphone camera. Two different bead suspensions 

were prepared by mixing 10 and 15 µm diameter bead suspensions at a ratio of 1:6 (10 µm:15 

µm) and 10 and 12 µm bead suspensions at a ratio of 1:1.25 (10 µm:12 µm). These mixed 

suspensions were then to and imaged by the SIFC. Figure 5.4a, b show example raw images 

(left) captured by the SIFC and images after image processing using a custom-developed 

MATLAB script (right). Size distribution histograms of the bead mixtures were then generated from 

the SIFC data (Figure 5.4c, d, left), and compared to data generated using a high-end commercial 

flow cytometer (CytoFLEX, Beckman Coulter, Nyon, Switzerland) (Figure 5.4c, d, right). As can 

be observed, the SIFC is able to accurately size and discriminate microparticles with a diameter 

difference of 2 µm (Figure 5.4d) at a throughput of ~50,000 beads/second. This rate is 

approximately 20 times higher than accessible using conventional benchtop imaging cytometers. 

Based on the data shown, it is expected that beads having a diameter difference of 1 µm could be 

discriminated using the SIFC platform. 
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Figure 5.4 High throughput bead quantification. Raw and processed images for two different bead 

mixtures containing 10 and 15 µm diameter particles (a) and 10 and 12 µm diameter particles (b), 

acquired using the SIFC platform. Comparison of size histograms obtained using the SIFC platform 

and a high-end commercial flow cytometer for the same bead mixtures as used in panels (a) and (b). 

The scale bar is 20 µm. 

5.3.2 Machine Learning-Based Cell Classification 

The SIFC platform was also able to perform machine learning-based classification of different cell 

populations based on distinct morphological features obtained from brightfield images. To build a 

machine learning-based cell image classifier, a pre-trained Inception-v3 model (Google, Mountain 

View, USA) was retrained using images of Jurkat and mouse malignant (EL4) cell to generate a 

customized model. To generate a robust model for classifying Jurkat and EL4 cells, we adopted 

the transfer learning technique18. First, Jurkat and EL4 cell suspensions were driven through the 

microfluidic device in separate (pure) flows, with videos being recorded by the SIFC. Using these 

videos, individual cells were detected using the previously described image-processing operations 

and 2,000 single cell images for each cell class (Jurkat and EL4) were extracted. Next, the pre-

trained model was retrained for each population, using transfer learning technique. The 

customized model consists of two output classes that are defined as “Jurkat” and “EL4”. Figure 

5.5 illustrates the workflow associated with the developed machine learning algorithm. It is 

important to note that Jurkat and EL4 cells are similar in size; however, they have different shapes 

and degrees of cytoplasmic granularity (see Figure 5.5: cell image detection step). Accordingly, 

the machine learning classifier was able to operate on the basis on morphological variations 

between each cell type. 
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Figure 5.5 Workflow of the machine-learning algorithm. The transfer learning technique was 

implemented to generate the machine-learning model for the classification of Jurkat and EL4 cells. 

The workflow of the machine-learning algorithm includes recording of images from both cell 

populations, retraining the Google Inception-v3 model using single-cell images and obtaining the 

customized model for Jurkat and EL4 cell classification. 

To assess the accuracy of our machine learning-based classifier, the generated model was tested 

with different input data sets using Jurkat and EL4 cells. First, two sets of images from each cell 

line (each set containing 500 images) were given as input images to the model. Significantly, the 

generated model correctly classified 97% and 93% of the images of Jurkat and EL4 cells, 

respectively (Figure 5.6a, b right panels). It should be noted that incorrect classifications 

primarily occurred as a result of images being out of focus. Subsequently, two image sets (each 

set containing 500 images), acquired from a mixture of Jurkat and EL4 cells at a ratio of 40:60 

(Jurkat: EL4 cells) were fed into the model as input images. As noted, Jurkat and EL4 cells are 

similar in size, and therefore there is a considerable overlap in the extracted size distributions. 

This means that it is impossible to discriminate them (in a mixed population) using size-based 

classification (Figure 5.6c left panel). However, the machine-learning model is highly successful 

in correctly classifying individual cells (as being either Jurkat or EL4 cells) within the cell mixture, 

as indicated by the extracted concentration percentage of each cell type shown in Figure 5.6c 

right panel. These results are in almost perfect agreement with the input ratio of Jurkat:EL4 cells 

(40:60). The entire information extraction process takes ~10 ms; a period that includes image 

acquisition, processing and classification steps. Accordingly, this yields a real-time analytical 

throughput of 100 cells/s.  
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Figure 5.6 Machine learning-based classification. The developed machine learning model was 

tested using three different image sets that originate from pure populations of Jurkat and EL4 cells 

and a 40:60 mixture of the two cell types. (a) Size distribution (left) and classification results of the 

machine learning model (right) for Jurkat cells, (b) Size distribution (left) and classification results of 

the machine learning model (right) for EL4 cells, and (c) Size distribution (left) and classification 

results of the machine learning model (right) for a 40:60 Jurkat:EL4 cell mixture. Data indicate that 

Jurkat and EL4 cells cannot be discriminated via size-based classification. However, machine 

learning classification (based on morphological features) is highly effective in distinguishing Jurkat 

and EL4 cells within mixed populations. 
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5.5 Conclusions 

To conclude, we have developed a portable, lightweight and inexpensive smartphone-based 

imaging flow cytometry platform able to perform real-time image classification and enumeration of 

single cells using a machine learning. The system consists of a smartphone, a compact optical 

system and a real-time cell quantification application. The SmartFlow application integrates a GUI 

that can acquire and process brightfield images from flowing cells and displays classification 

results in real-time. Significantly, the SIFC was able to operate at analytical throughputs of over 

50,000 beads (or cells) per second, which represents a 20-fold improvement over conventional 

imaging flow cytometers. The precision of neural network image classification was investigated 

through the morphological classification of specific cell types in a heterogeneous cellular 

population, where cell type cannot be assessed via a measurement of cell size. Experiments 

confirm that the SIFC platform was able to successfully classify Jurkat and EL4 cells within a 

mixture, on the basis of morphology differences. Additionally, the platform has a simple hardware 

configuration, comprising only of a smartphone, a homemade brightfield microscope, and a 

microfluidic device. Key features of the current platform include the capability for real-time, label-

free and high-resolution analysis using a sheathless flow. Due to the aforementioned 

characteristics, we expect that the SIFC will significantly contribute to the progress of IFC in the 

field of single-cell, point-of-care diagnostics. 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 



109 
 

5.6 References 

(1) McKinnon, K. M. Flow Cytometry: An Overview. Curr Protoc Immunol 2018, 120, 5.1.1-
5.1.11.  
(2) Fan, Y.-J.; Hsiao, Y.-C.; Weng, Y.-L.; Chen, Y.-H.; Chiou, P.-Y.; Sheen, H.-J. Development 
of a parallel three-dimensional microfluidic device for high-throughput cytometry. Sensors and 
Actuators B: Chemical 2020, 320, 128255.  
(3) Knijnenburg, T. A.; Roda, O.; Wan, Y.; Nolan, G. P.; Aitchison, J. D.; Shmulevich, I. A 
regression model approach to enable cell morphology correction in high-throughput flow 
cytometry. Mol Syst Biol 2011, 7, 531. 
(4) Melamed, M. R. A brief history of flow cytometry and sorting. Methods Cell Biol 2001, 63, 
3-17.  
(5) Park, Y.; Abihssira-García, I. S.; Thalmann, S.; Wiegertjes, G. F.; Barreda, D. R.; Olsvik, 
P. A.; Kiron, V. Imaging Flow Cytometry Protocols for Examining Phagocytosis of Microplastics 
and Bioparticles by Immune Cells of Aquatic Animals. Frontiers in Immunology 2020, 11. 
(6) Basiji, D. A.; Ortyn, W. E.; Liang, L.; Venkatachalam, V.; Morrissey, P. Cellular Image 
Analysis and Imaging by Flow Cytometry. Clinics in Laboratory Medicine 2007, 27 (3), 653-670.  
(7) Rane, A. S.; Rutkauskaite, J.; deMello, A.; Stavrakis, S. High-Throughput Multi-parametric 
Imaging Flow Cytometry. Chem 2017, 3 (4), 588-602.  
(8) Miura, T.; Mikami, H.; Isozaki, A.; Ito, T.; Ozeki, Y.; Goda, K. On-chip light-sheet 
fluorescence imaging flow cytometry at a high flow speed of 1 m/s. Biomed. Opt. Express 2018, 9 
(7), 3424-3433.  
(9) Holzner, G.; Mateescu, B.; van Leeuwen, D.; Cereghetti, G.; Dechant, R.; Stavrakis, S.; 
deMello, A. High-throughput multiparametric imaging flow cytometry: toward diffraction-limited 
sub-cellular detection and monitoring of sub-cellular processes. Cell Reports 2021, 34 (10), 
108824.  
(10) Otesteanu, C. F.; Ugrinic, M.; Holzner, G.; Chang, Y.-T.; Fassnacht, C.; Guenova, E.; 
Stavrakis, S.; deMello, A.; Claassen, M. A weakly supervised deep learning approach for label-
free imaging flow-cytometry-based blood diagnostics. Cell Reports Methods 2021, 1 (6), 100094.  
(11) Statista. Number of smartphone subscriptions worldwide from 2016 to 2026. 2022. 
https://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/ (accessed 
04.07.2022). 
(12) Udrea, A.; Mitra, G. D.; Costea, D.; Noels, E. C.; Wakkee, M.; Siegel, D. M.; de Carvalho, 
T. M.; Nijsten, T. E. C. Accuracy of a smartphone application for triage of skin lesions based on 
machine learning algorithms. J Eur Acad Dermatol Venereol 2020, 34 (3), 648-655.. 
(13) Freeman, K.; Dinnes, J.; Chuchu, N.; Takwoingi, Y.; Bayliss, S. E.; Matin, R. N.; Jain, A.; 
Walter, F. M.; Williams, H. C.; Deeks, J. J. Algorithm based smartphone apps to assess risk of 
skin cancer in adults: systematic review of diagnostic accuracy studies. BMJ 2020, 368, m127.  
(14) Im, H.; Castro, C. M.; Shao, H.; Liong, M.; Song, J.; Pathania, D.; Fexon, L.; Min, C.; Avila-
Wallace, M.; Zurkiya, O.; et al. Digital diffraction analysis enables low-cost molecular diagnostics 
on a smartphone. Proceedings of the National Academy of Sciences 2015, 112 (18), 5613-5618. 
(15) de Haan, K.; Ceylan Koydemir, H.; Rivenson, Y.; Tseng, D.; Van Dyne, E.; Bakic, L.; 
Karinca, D.; Liang, K.; Ilango, M.; Gumustekin, E.; et al. Automated screening of sickle cells using 
a smartphone-based microscope and deep learning. npj Digital Medicine 2020, 3 (1), 76.  
(16) Zhu, H.; Mavandadi, S.; Coskun, A. F.; Yaglidere, O.; Ozcan, A. Optofluidic Fluorescent 
Imaging Cytometry on a Cell Phone. Analytical Chemistry 2011, 83 (17), 6641-6647.  
(17) Holzner, G.; Stavrakis, S.; deMello, A. Elasto-Inertial Focusing of Mammalian Cells and 
Bacteria Using Low Molecular, Low Viscosity PEO Solutions. Analytical Chemistry 2017, 89 (21), 
11653-11663.  

https://www.statista.com/statistics/330695/number-of-smartphone-users-worldwide/


110 
 

(18) Lu, J.; Behbood, V.; Hao, P.; Zuo, H.; Xue, S.; Zhang, G. Transfer learning using 
computational intelligence: A survey. Knowledge-Based Systems 2015, 80, 14-23.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



111 
 

Chapter 6 

 

Conclusions and Outlook 

 

6.1 Summary 

Single-cell manipulation and analysis are of paramount importance when investigating cell-to-cell 

variations in the cellular populations. In addition, rapid and multi-parametric analysis of sub-cellular 

species holds great potential for enabling early disease diagnosis. Owing to the facts that cells 

are small and contain target species at low concentration, single-cell manipulation and analysis 

are immensely challenging tasks. Microfluidic technologies have been shown to be powerful tools 

in single-cell studies, since they allow precise handling and manipulation of cells within small 

volumes. Unsurprisingly, numerous microfluidic-based platforms have been developed for single-

cell analysis and manipulation in recent times. However, there is still an unmet and growing need 

for cost-effective, easy-to-use and high-throughput single-cell analysis tools. In this regard, the 

studies presented in this thesis aimed to develop compact and high-throughput microfluidic 

platforms for single-cell manipulation and analysis.   

We first presented a pneumatic (valve-based) microfluidic platform to better understand the 

decision-making process of cells, by tracking their lineage over multiple generations at the single-

cell level. In this platform, single cells could be trapped inside proliferation chambers, with sister 

cells being isolated after division and extracted for downstream analysis. The setup incorporated 

cell manipulation steps and image processing-based automation for cell loading and cell growth 

monitoring. Significantly, 6C2 (chicken erythroleukemia cell line) and T2EC (chicken erythrocytic 

progenitors) cells were proliferated inside the microfluidic device over two generations, yielding an 

average cell viability rate of 90%. Moreover, sister cells could be successfully isolated after division 

and extracted in a volume (500 nl) that was compatible with downstream RNA sequencing 

analysis. 

Next, we introduced a compact and high-throughput real-time fluorescence cytometer, comprising 

a microfluidic device and a cost-effective complementary metal-oxide-semiconductor image 

sensor-based detection system. A custom-developed C++ program with a graphical user interface 

was used to process raw signals, adjust processing parameters and display fluorescence intensity 



112 
 

histograms in real-time. The platform achieved real-time quantification of the fluorescent particles 

and cells at an analytical throughput of up to 500,000 and 75,000 events per second, respectively. 

Furthermore, this system was applied to quantify patient-derived circulating tumor cells spiked in 

peripheral blood, with data confirming that the platform was capable of detecting 6 CTCs per 

million blood cells at a volumetric throughput of 3 ml/min. In this regard, the developed platform 

has great potential to be used for the rapid detection of rare cells in the bloodstream in a high-

throughput and efficient manner. 

Subsequently, we combined the aforementioned imaging platform with pneumatic valves to 

develop a fluorescence-based cell sorting system for isolating rare cells from peripheral blood. 

Our method was based on positive selection, where cell-surface markers were labelled with 

fluorescent antibodies, ranked by aliquots and sorted. The system integrated a multilayer 

microfluidic device featuring ten parallel channels with control valves, a simple optical system and 

a 1D CMOS image sensor for fluorescence-based detection. A custom printed circuit board was 

designed for real-time data acquisition and triggering of the solenoid valves for aliquot sorting. A 

cell sorting program written in the Verilog Hardware Description Language (HDL) was 

implemented on a field programmable gate array (FPGA) board and used to process fluorescence 

signals from target cells and send commands to trigger the solenoid valves. Significantly, the 

sorting platform achieved an enrichment factor of 72 million (after three rounds of sorting) for the 

cancer cells spiked into 1 ml of blood at a ratio of 1:108 (cancer cells: blood cells). 

Finally, we demonstrated, a portable imaging flow cytometer comprising a smartphone coupled 

with a cost-effective, small-footprint optical system and a PDMS-based microfluidic device. A 

custom-developed Android application integrating a graphical user interface enabled high-speed 

image acquisition using the cell phone camera, and single cell quantification at throughputs of up 

to 50,000 cells per second. Importantly, the smartphone-based system allowed for the accurate 

sizing of particles having a 2 µm size difference. In addition, the system incorporated a machine 

learning-based algorithm to analyse high-resolution brightfield images of single cells for label-free 

classification of cells of similar size but with different morphologies.  

6.2 Future Outlook 

The different innovations presented in this thesis offer the experimentalist a number of new tools 

for high-throughput and sensitive single-cell analysis. Despite, the fact that each platform operates 

in an efficient and robust manner, device performances could be further improved through some 

simple modifications. For example, the sensitivity of the real-time fluorescence cytometer could 

be enhanced by incorporating more sensitive detectors such as multiple channel linear 

photomultiplier modules. Such a modification would also engender improvements in the 

throughput of the fluorescence-based cell sorting system described in Chapter 4.  
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Figure 6.1 Brightfield imaging of RBC deformability via smartphone imaging flow cytometry. 

Schematic of a microfluidic device that uses constriction channels to deform red blood cells in flow. 

Stroboscopic illumination provides blur free images of cells flowing at high velocity, allowing deformed 

red blood cell images to be extracted for image analysis and assessment of deformability. 

Additionally, multiple wavelength laser illumination sources with corresponding readout circuits 

could be integrated within the flow cytometer setup to allow for multicolour analysis of single cells. 

Despite the fact that the machine-learning-based classification algorithm implemented in the 

smartphone imaging cytometer was shown to allow for label-free classification of cells of similar 

size but with different morphologies, it is expected that significant enhancements in system 

classification will be achieved by using larger image data sets (including ~50,000-100,000 cell 

images) in the training phase. The classification algorithm could also be retrained to allow 

application in a range of different studies, such as discriminating cell cycle phases using brightfield 

images. Finally, the smartphone-based platform could be significantly enhanced by integration of 

stroboscopic illumination (Figure 6.1). This would allow measurement of, for example, red blood 

cell deformability, which is an excellent mechanical indicator of diseases such as malaria1 or sickle 

cell disease2 in resource-limited settings.  
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Appendix 4 

PCB Design of the Sorting System 
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Appendix 5 

Java Source Code of SmartFlow Application 

package com.example.android.tflitecamerademo; 
 
import android.Manifest; 
import android.app.Activity; 
import android.app.AlertDialog; 
import android.app.Dialog; 
import android.app.DialogFragment; 
import android.app.Fragment; 
import android.content.Context; 
import android.content.DialogInterface; 
import android.content.Intent; 
import android.content.pm.PackageInfo; 
import android.content.pm.PackageManager; 
import android.content.res.Configuration; 
import android.graphics.Bitmap; 
import android.graphics.BitmapFactory; 
import android.graphics.Canvas; 
import android.graphics.Color; 
import android.graphics.ImageFormat; 
import android.graphics.Matrix; 
import android.graphics.Paint; 
import android.graphics.Point; 
import android.graphics.RectF; 
import android.graphics.SurfaceTexture; 
import android.hardware.Camera; 
import android.hardware.camera2.CameraAccessException; 
import android.hardware.camera2.CameraCaptureSession; 
import android.hardware.camera2.CameraCharacteristics; 
import android.hardware.camera2.CameraDevice; 
import android.hardware.camera2.CameraManager; 
import android.hardware.camera2.CameraMetadata; 
import android.hardware.camera2.CaptureRequest; 
import android.hardware.camera2.CaptureResult; 
import android.hardware.camera2.TotalCaptureResult; 
import android.hardware.camera2.params.StreamConfigurationMap; 
import android.media.CamcorderProfile; 
import android.media.ImageReader; 
import android.media.MediaRecorder; 
import android.net.Uri; 
import android.os.Build; 
import android.os.Bundle; 
import android.os.Environment; 
import android.os.Handler; 
import android.os.HandlerThread; 
import android.os.SystemClock; 
import android.support.annotation.NonNull; 
import android.support.annotation.RequiresApi; 
import android.support.v13.app.FragmentCompat; 
import android.support.v4.app.ActivityCompat; 
import android.support.v4.content.ContextCompat; 
import android.support.v7.app.ActionBar; 
import android.support.v7.app.AppCompatActivity; 
import android.text.Editable; 
import android.util.Log; 
import android.util.Range; 
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import android.util.Size; 
import android.view.LayoutInflater; 
import android.view.MotionEvent; 
import android.view.Surface; 
import android.view.SurfaceView; 
import android.view.TextureView; 
import android.view.View; 
import android.view.ViewGroup; 
import android.widget.Button; 
import android.widget.EditText; 
import android.widget.ImageButton; 
import android.widget.ImageView; 
import android.widget.LinearLayout; 
import android.widget.SeekBar; 
import android.widget.TextView; 
import android.widget.Toast; 
import android.widget.ZoomControls; 
 
 
import com.jjoe64.graphview.GraphView; 
import com.jjoe64.graphview.GridLabelRenderer; 
import com.jjoe64.graphview.ValueDependentColor; 
import com.jjoe64.graphview.series.BarGraphSeries; 
import com.jjoe64.graphview.series.DataPoint; 
import com.jjoe64.graphview.series.DataPointInterface; 
import com.jjoe64.graphview.series.LineGraphSeries; 
import com.jjoe64.graphview.series.PointsGraphSeries; 
 
import org.opencv.android.BaseLoaderCallback; 
import org.opencv.android.LoaderCallbackInterface; 
 
import org.opencv.android.CameraBridgeViewBase; 
import org.opencv.android.CameraBridgeViewBase.CvCameraViewFrame; 
import org.opencv.android.CameraBridgeViewBase.CvCameraViewListener2; 
import org.opencv.android.OpenCVLoader; 
import org.opencv.android.Utils; 
import org.opencv.core.Core; 
import org.opencv.core.CvType; 
import org.opencv.core.Mat; 
import org.opencv.core.MatOfPoint; 
import org.opencv.core.MatOfPoint2f; 
 
import android.graphics.Rect; 
//import org.opencv.core.Rect; 
import org.opencv.core.Scalar; 
import org.opencv.imgproc.Imgproc; 
 
import java.io.File; 
import java.io.FileOutputStream; 
import java.io.IOException; 
import java.text.SimpleDateFormat; 
import java.util.ArrayList; 
import java.util.Arrays; 
import java.util.Collections; 
import java.util.Comparator; 
import java.util.Date; 
import java.util.List; 
import java.util.Locale; 
import java.util.concurrent.Semaphore; 
import java.util.concurrent.TimeUnit; 
 
import static org.opencv.core.Core.subtract; 
import static org.opencv.imgproc.Imgproc.circle; 
 
/** Basic fragments for the Camera. */ 
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public class Camera2BasicFragment extends Fragment 
        implements FragmentCompat.OnRequestPermissionsResultCallback { 
    /** Tag for the {@link Log}. */ 
    private static final String TAG = "TfLiteCameraDemo"; 
 
    private static final String FRAGMENT_DIALOG = "dialog"; 
 
    private static final String HANDLE_THREAD_NAME = "CameraBackground"; 
 
    private static final int PERMISSIONS_REQUEST_CODE = 1; 
 
    private final Object lock = new Object(); 
    private boolean runClassifier = false; 
    private boolean checkedPermissions = false; 
    private EditText exptime; 
    private EditText imgnum; 
    private TextView textView; 
    private TextView textView12; 
    private TextView textView8; 
    private TextView textView5; 
    private TextView texttime; 
    private boolean lightStatus = true; 
    private ZoomControls zoomControls; 
    private ImageClassifier classifier; 
    public Bitmap test; 
    public Bitmap back; 
    Button buttonsave, buttonstart; 
    int numberofimages = 0; 
    private CaptureRequest.Builder mBuilder; 
    public Bitmap control; 
    MediaRecorder recorder; 
    boolean recording = false; 
    boolean started = false; 
    AlertDialog.Builder dlgAlert2; 
 
    GraphView graph; 
    BarGraphSeries<DataPoint> series; 
    //Zooming 
    protected float fingerSpacing = 0; 
    protected float zoomLevel = 1f; 
    protected float maximumZoomLevel; 
    protected Rect zoom; 
    //public ImageView vi; 
    int number = 0; 
    int number1 = 0; 
    int number2 = 0; 
    Integer val; 
    long exposuretime; 
    int f_size = 1, k_size = 1, t_upper = 1; 
    SeekBar kernel, filter, threshold, exposure; 
    String count12, count8, count5; 
 
 
    /** Max preview width that is guaranteed by Camera2 API */ 
    private static final int MAX_PREVIEW_WIDTH = 1920; 
 
    /** Max preview height that is guaranteed by Camera2 API */ 
    private static final int MAX_PREVIEW_HEIGHT = 1080; 
 
    /** 
     * {@link TextureView.SurfaceTextureListener} handles several lifecycle events on a 
{@link 
     * TextureView}. 
     */ 
    private final TextureView.SurfaceTextureListener surfaceTextureListener = 
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            new TextureView.SurfaceTextureListener() { 
 
                @Override 
                public void onSurfaceTextureAvailable(SurfaceTexture texture, int 
width, int height) { 
                    openCamera(width, height); 
                } 
 
                @Override 
                public void onSurfaceTextureSizeChanged(SurfaceTexture texture, int 
width, int height) { 
                    configureTransform(width, height); 
                } 
 
                @Override 
                public boolean onSurfaceTextureDestroyed(SurfaceTexture texture) { 
                    return true; 
                } 
 
                @Override 
                public void onSurfaceTextureUpdated(SurfaceTexture texture) { 
                } 
            }; 
 
    /** ID of the current {@link CameraDevice}. */ 
    private String cameraId; 
 
    /** An {@link AutoFitTextureView} for camera preview. */ 
    private AutoFitTextureView textureView; 
    private AutoFitTextureView imView; 
    private AutoFitTextureView processView; 
    /** A {@link CameraCaptureSession } for camera preview. */ 
    private CameraCaptureSession captureSession; 
 
    /** A reference to the opened {@link CameraDevice}. */ 
    private CameraDevice cameraDevice; 
 
    /** The {@link android.util.Size} of camera preview. */ 
    private Size previewSize; 
 
    /** {@link CameraDevice.StateCallback} is called when {@link CameraDevice} changes 
its state. */ 
    private final CameraDevice.StateCallback stateCallback = 
            new CameraDevice.StateCallback() { 
 
                @Override 
                public void onOpened(@NonNull CameraDevice currentCameraDevice) { 
                    // This method is called when the camera is opened. We start camera 
preview here. 
                    cameraOpenCloseLock.release(); 
                    cameraDevice = currentCameraDevice; 
                    createCameraPreviewSession(); 
                } 
 
                @Override 
                public void onDisconnected(@NonNull CameraDevice currentCameraDevice) { 
                    cameraOpenCloseLock.release(); 
                    currentCameraDevice.close(); 
                    cameraDevice = null; 
                } 
 
                @Override 
                public void onError(@NonNull CameraDevice currentCameraDevice, int er-
ror) { 
                    cameraOpenCloseLock.release(); 
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                    currentCameraDevice.close(); 
                    cameraDevice = null; 
                    Activity activity = getActivity(); 
                    if (null != activity) { 
                        activity.finish(); 
                    } 
                } 
            }; 
 
    /** An additional thread for running tasks that shouldn't block the UI. */ 
    private HandlerThread backgroundThread; 
 
    /** A {@link Handler} for running tasks in the background. */ 
    private Handler backgroundHandler; 
 
    /** An {@link ImageReader} that handles image capture. */ 
    private ImageReader imageReader; 
 
    /** {@link CaptureRequest.Builder} for the camera preview */ 
    private CaptureRequest.Builder previewRequestBuilder; 
 
    /** {@link CaptureRequest} generated by {@link #previewRequestBuilder} */ 
    private CaptureRequest previewRequest; 
 
    /** A {@link Semaphore} to prevent the app from exiting before closing the camera. 
*/ 
    private Semaphore cameraOpenCloseLock = new Semaphore(1); 
 
    /** A {@link CameraCaptureSession.CaptureCallback} that handles events related to 
capture. */ 
    private CameraCaptureSession.CaptureCallback captureCallback = 
            new CameraCaptureSession.CaptureCallback() { 
 
                @Override 
                public void onCaptureProgressed( 
                        @NonNull CameraCaptureSession session, 
                        @NonNull CaptureRequest request, 
                        @NonNull CaptureResult partialResult) { 
                } 
 
                @Override 
                public void onCaptureCompleted( 
                        @NonNull CameraCaptureSession session, 
                        @NonNull CaptureRequest request, 
                        @NonNull TotalCaptureResult result) { 
                } 
            }; 
 
    /** 
     * Shows a {@link Toast} on the UI thread for the classification results. 
     * 
     * @param text The message to show 
     */ 
    private void showToast(final String text) { 
        final Activity activity = getActivity(); 
        if (activity != null) { 
            activity.runOnUiThread( 
                    new Runnable() { 
                        @Override 
                        public void run() { 
 
                            //textView12.setText(String.valueOf(number)); 
                            //textView8.setText(String.valueOf(number1)); 
                            //textView5.setText(String.valueOf(number2)); 
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                            textView.setText(text); 
                        } 
                    }); 
 
 
        } 
    } 
 
 
    private static Size chooseOptimalSize( 
            Size[] choices, 
            int textureViewWidth, 
            int textureViewHeight, 
            int maxWidth, 
            int maxHeight, 
            Size aspectRatio) { 
 
        // Collect the supported resolutions that are at least as big as the preview 
Surface 
        List<Size> bigEnough = new ArrayList<>(); 
        // Collect the supported resolutions that are smaller than the preview Surface 
        List<Size> notBigEnough = new ArrayList<>(); 
        int w = aspectRatio.getWidth(); 
        int h = aspectRatio.getHeight(); 
        for (Size option : choices) { 
            if (option.getWidth() <= maxWidth 
                    && option.getHeight() <= maxHeight 
                    && option.getHeight() == option.getWidth() * h / w) { 
                if (option.getWidth() >= textureViewWidth && option.getHeight() >= tex-
tureViewHeight) { 
                    bigEnough.add(option); 
                } else { 
                    notBigEnough.add(option); 
                } 
            } 
        } 
 
        // Pick the smallest of those big enough. If there is no one big enough, pick 
the 
        // largest of those not big enough. 
        if (bigEnough.size() > 0) { 
            return Collections.min(bigEnough, new CompareSizesByArea()); 
        } else if (notBigEnough.size() > 0) { 
            return Collections.max(notBigEnough, new CompareSizesByArea()); 
        } else { 
            Log.e(TAG, "Couldn't find any suitable preview size"); 
            return choices[0]; 
        } 
    } 
 
    public static Camera2BasicFragment newInstance() { 
        return new Camera2BasicFragment(); 
    } 
 
    /** Layout the preview and buttons. */ 
    @Override 
    public View onCreateView(LayoutInflater inflater, ViewGroup container, Bundle 
savedInstanceState) { 
        View view = inflater.inflate(R.layout.fragment_camera2_basic, container, 
false); 
        return view; 
 
    } 
 
    /** Connect the buttons to their event handler. */ 
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    @Override 
    public void onViewCreated(final View view, Bundle savedInstanceState) { 
 
        AlertDialog.Builder dlgAlert = new AlertDialog.Builder(this.getContext()); 
        dlgAlert.setMessage("CAUTION: Always remember to take all necessary precautions 
before working with biological samples "); 
        dlgAlert.setTitle("SmartFlow v1.0"); 
        dlgAlert.setIcon(R.drawable.warning); 
        dlgAlert.setPositiveButton("OK", null); 
        dlgAlert.setCancelable(true); 
        dlgAlert.create().show(); 
 
 
        dlgAlert2 = new AlertDialog.Builder(this.getContext()); 
 
 
        textureView = (AutoFitTextureView) view.findViewById(R.id.texture); 
        imView = (AutoFitTextureView) view.findViewById(R.id.texture2); 
        processView = (AutoFitTextureView) view.findViewById(R.id.texture3); 
        textView = (TextView) view.findViewById(R.id.text); 
        exptime = view.findViewById(R.id.exptime); 
        imgnum = view.findViewById(R.id.imagenum); 
        filter = (SeekBar) view.findViewById(R.id.seekBar7); 
        kernel = (SeekBar) view.findViewById(R.id.seekBar); 
        threshold = (SeekBar) view.findViewById(R.id.seekBar3); 
        String dir = Environment.getExternalStorageDirectory().getAbsolutePath(); 
        dir += "/test.3gp"; 
        recorder = new MediaRecorder(); 
        filter.setMax(7); 
        filter.setMin(0); 
        int step = 2; 
 
 
 
        graph = (GraphView) view.findViewById(R.id.graph); 
        graph.setBackgroundColor(Color.WHITE); 
        graph.getViewport().setMinX(4); 
        graph.getViewport().setMaxX(14); 
        graph.getViewport().setXAxisBoundsManual(true); 
        GridLabelRenderer glr = graph.getGridLabelRenderer(); 
        glr.setPadding(70); 
        //graph.setScaleX(0.9f); 
        graph.getGridLabelRenderer().setHumanRounding(true); 
        graph.setTitle("Counting Results"); 
        series = new BarGraphSeries<>(); 
        graph.addSeries(series); 
        //graph.setPadding(20,20,20,20); 
 
        series.setValueDependentColor(new ValueDependentColor<DataPoint>() { 
            @Override 
            public int get(DataPoint data) { 
                return Color.rgb((int) data.getX() * 255 / 4, (int) 
Math.abs(data.getY() * 255 / 6), 100); 
            } 
        }); 
        //series.setSpacing(10); 
        series.setDataWidth(0.8); 
// draw values on top 
        series.setDrawValuesOnTop(true); 
        series.setValuesOnTopColor(Color.RED); 
// styling 
 
 
        kernel.setMax(20); 
        kernel.setMin(1); 
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        threshold.setMax(255); 
        threshold.setMin(50); 
 
 
        textureView.setOnTouchListener(new View.OnTouchListener() { 
            public boolean onTouch(View v, MotionEvent event) { 
                if (event.getAction() == MotionEvent.ACTION_MOVE) { 
                    Activity activity = getActivity(); 
                    CameraManager manager = (CameraManager) activity.getSystem-
Service(Context.CAMERA_SERVICE); 
                    CameraCharacteristics characteristics = null; 
 
                    try { 
                        characteristics = manager.getCameraCharacteristics(cameraId); 
                    } catch (CameraAccessException e) { 
                        e.printStackTrace(); 
                    } 
 
                    maximumZoomLevel = characteristics.get(CameraCharacteris-
tics.SCALER_AVAILABLE_MAX_DIGITAL_ZOOM); 
 
                    try { 
                        android.graphics.Rect rect = characteristics.get(CameraCharac-
teristics.SENSOR_INFO_ACTIVE_ARRAY_SIZE); 
                        //Range<Long> exp=characteristics.get(CameraCharacteris-
tics.SENSOR_INFO_EXPOSURE_TIME_RANGE); 
                        if (rect == null) return false; 
                        float currentFingerSpacing; 
 
                        if (event.getPointerCount() == 2) { //Multi touch. 
                            currentFingerSpacing = getFingerSpacing(event); 
                            float delta = 0.05f; //Control this value to control the 
zooming sensibility 
                            if (fingerSpacing != 0) { 
                                if (currentFingerSpacing > fingerSpacing) { //Don't 
over zoom-in 
                                    if ((maximumZoomLevel - zoomLevel) <= delta) { 
                                        delta = maximumZoomLevel - zoomLevel; 
                                    } 
                                    zoomLevel = zoomLevel + delta; 
                                } else if (currentFingerSpacing < fingerSpacing) { 
//Don't over zoom-out 
                                    if ((zoomLevel - delta) < 1f) { 
                                        delta = zoomLevel - 1f; 
                                    } 
                                    zoomLevel = zoomLevel - delta; 
                                } 
                                float ratio = (float) 1 / zoomLevel; 

                                int croppedWidth = rect.width() - Math.round((float) 
rect.width() * ratio); 
                                int croppedHeight = rect.height() - Math.round((float) 
rect.height() * ratio); 
                                //Finally, zoom represents the zoomed visible area 
                                zoom = new Rect(croppedWidth / 2, croppedHeight / 2, 
                                        rect.width() - croppedWidth / 2, rect.height() 
- croppedHeight / 2); 
                                //captureBuilder.set(CaptureRequest.SCALER_CROP_REGION, 
zoom); 
                            } 
                            fingerSpacing = currentFingerSpacing; 
                        } else { //Single touch point, needs to return true in order to 
detect one more touch point 
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                            return true; 
                        } 
                        Toast.makeText(getContext(), "Zoom: " + zoom, 
Toast.LENGTH_SHORT).show(); 
                        //createCameraPreviewSession(); 
                        //captureSession.setRepeatingRequest(previewRequest-
Builder.build(), captureCallback, null); 
                        return true; 
                    } catch (final Exception e) { 
                        //Error handling up to you 
                        return true; 
                    } 
 
                } 
                return true; 
            } 
 
            private float getFingerSpacing(MotionEvent event) { 
                float x = event.getX(0) - event.getX(1); 
                float y = event.getY(0) - event.getY(1); 
                return (float) Math.sqrt(x * x + y * y); 
            } 
 
        }); 
 
 
        Button button = view.findViewById(R.id.button7); 
        button.setOnClickListener(new View.OnClickListener() { 
            public void onClick(View v) { 
                Intent intent = new Intent(getContext(), com.example.an-
droid.tflitecamerademo.openingscreen.class); 
                startActivity(intent); 
            } 
        }); 
 
        buttonsave = view.findViewById(R.id.button5); 
        buttonstart = view.findViewById(R.id.button2); 
        Button buttonstart = view.findViewById(R.id.button6); 
        buttonstart.setOnClickListener(new View.OnClickListener() { 
            public void onClick(View v) { 
                exposuretime = Long.valueOf(Integer.val-
ueOf(exptime.getText().toString()) * 1000); 
                createCameraPreviewSession(); 
            } 
        }); 
 
 
        Button buttonrecord = view.findViewById(R.id.button8); 
 
 
        filter.setOnSeekBarChangeListener(new SeekBar.OnSeekBarChangeListener() { 
            @Override 
            public void onProgressChanged(SeekBar seekBar, int progress, 
                                          boolean fromUser) { 
                int value; 
                value = 1 + (progress * step); 
                Toast.makeText(getContext(), "Filter Size: " + value, 
Toast.LENGTH_SHORT).show(); 
                f_size = value; 
            } 
 
            @Override 
            public void onStopTrackingTouch(SeekBar seekBar) { 
            } 
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            @Override 
            public void onStartTrackingTouch(SeekBar seekBar) { 
            } 
 
        }); 
 
        kernel.setOnSeekBarChangeListener(new SeekBar.OnSeekBarChangeListener() { 
            @Override 
            public void onProgressChanged(SeekBar seekBar, int progress, 
                                          boolean fromUser) { 
 
                Toast.makeText(getContext(), "Kernel Size: " + progress, 
Toast.LENGTH_SHORT).show(); 
                k_size = progress; 
            } 
 
            @Override 
            public void onStopTrackingTouch(SeekBar seekBar) { 
            } 
 
            @Override 
            public void onStartTrackingTouch(SeekBar seekBar) { 
            } 
 
        }); 
 
        threshold.setOnSeekBarChangeListener(new SeekBar.OnSeekBarChangeListener() { 
            @Override 
            public void onProgressChanged(SeekBar seekBar, int progress, 
                                          boolean fromUser) { 
 
                Toast.makeText(getContext(), "Upper Threshold: " + progress, 
Toast.LENGTH_SHORT).show(); 
                t_upper = progress; 
            } 
 
            @Override 
            public void onStopTrackingTouch(SeekBar seekBar) { 
            } 
 
            @Override 
            public void onStartTrackingTouch(SeekBar seekBar) { 
            } 
 
        }); 
 
 
        } 
 
 
    /** Load the model and labels. */ 
    @Override 
    public void onActivityCreated(Bundle savedInstanceState) { 
        super.onActivityCreated(savedInstanceState); 
        try { 
            classifier = new ImageClassifier(getActivity()); 
        } catch (IOException e) { 
            Log.e(TAG, "Failed to initialize an image classifier."); 
        } 
        System.loadLibrary("opencv_java3"); 
        startBackgroundThread(); 
    } 
 
    @Override 
    public void onResume() { 
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        super.onResume(); 
        startBackgroundThread(); 
 
        // When the screen is turned off and turned back on, the SurfaceTexture is al-
ready 
        // available, and "onSurfaceTextureAvailable" will not be called. In that case, 
we can open 
        // a camera and start preview from here (otherwise, we wait until the surface 
is ready in 
        // the SurfaceTextureListener). 
        if (textureView.isAvailable()) { 
            openCamera(textureView.getWidth(), textureView.getHeight()); 
        } else { 
            textureView.setSurfaceTextureListener(surfaceTextureListener); 
        } 
    } 
 
    @Override 
    public void onPause() { 
        closeCamera(); 
        stopBackgroundThread(); 
        super.onPause(); 
    } 
 
    @Override 
    public void onDestroy() { 
        classifier.close(); 
        super.onDestroy(); 
    } 
 
    /** 
     * Sets up member variables related to camera. 
     * 
     * @param width The width of available size for camera preview 
     * @param height The height of available size for camera preview 
     */ 
    private void setUpCameraOutputs(int width, int height) { 
        Activity activity = getActivity(); 
        CameraManager manager = (CameraManager) activity.getSystemService(Context.CAM-
ERA_SERVICE); 
 
        try { 
            for (String cameraId : manager.getCameraIdList()) { 
                CameraCharacteristics characteristics = manager.getCameraCharacteris-
tics(cameraId); 
                String cameras[] = manager.getCameraIdList(); 
                // We don't use a front facing camera in this sample. 
                Integer facing = characteristics.get(CameraCharacteristics.LENS_FAC-
ING); 
                if (facing != null && facing == CameraCharacteristics.LENS_FAC-
ING_FRONT) { 
                    continue; 
                } 
 
                StreamConfigurationMap map = 
                        characteristics.get(CameraCharacteristics.SCALER_STREAM_CONFIG-
URATION_MAP); 
                if (map == null) { 
                    continue; 
                } 
 
                // // For still image captures, we use the largest available size. 
                Size largest = 
                        Collections.max( 
                                Arrays.asList(map.getOutputSizes(ImageFormat.JPEG)), 
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new CompareSizesByArea()); 
                imageReader = 
                        ImageReader.newInstance( 
                                largest.getWidth(), largest.getHeight(), ImageFor-
mat.JPEG, /*maxImages*/ 2); 
 
                // Find out if we need to swap dimension to get the preview size rela-
tive to sensor 
                // coordinate. 
                int displayRotation = activity.getWindowManager().getDefaultDis-
play().getRotation(); 
                // noinspection ConstantConditions 
                /* Orientation of the camera sensor */ 
                int sensorOrientation = characteristics.get(CameraCharacteristics.SEN-
SOR_ORIENTATION); 
                boolean swappedDimensions = false; 
                switch (displayRotation) { 
                    case Surface.ROTATION_0: 
                    case Surface.ROTATION_180: 
                        if (sensorOrientation == 90 || sensorOrientation == 270) { 
                            swappedDimensions = true; 
                        } 
                        break; 
                    case Surface.ROTATION_90: 
                    case Surface.ROTATION_270: 
                        if (sensorOrientation == 0 || sensorOrientation == 180) { 
                            swappedDimensions = true; 
                        } 
                        break; 
                    default: 
                        Log.e(TAG, "Display rotation is invalid: " + displayRotation); 
                } 
 
                Point displaySize = new Point(); 
                activity.getWindowManager().getDefaultDisplay().getSize(displaySize); 
                int rotatedPreviewWidth = width; 
                int rotatedPreviewHeight = height; 
                int maxPreviewWidth = displaySize.x; 
                int maxPreviewHeight = displaySize.y; 
 
                if (swappedDimensions) { 
                    rotatedPreviewWidth = height; 
                    rotatedPreviewHeight = width; 
                    maxPreviewWidth = displaySize.y; 
                    maxPreviewHeight = displaySize.x; 
                } 
 
                if (maxPreviewWidth > MAX_PREVIEW_WIDTH) { 
                    maxPreviewWidth = MAX_PREVIEW_WIDTH; 
                } 
 
                if (maxPreviewHeight > MAX_PREVIEW_HEIGHT) { 
                    maxPreviewHeight = MAX_PREVIEW_HEIGHT; 
                } 
 
                previewSize = 
                        chooseOptimalSize( 
                                map.getOutputSizes(SurfaceTexture.class), 
                                rotatedPreviewWidth, 
                                rotatedPreviewHeight, 
                                maxPreviewWidth, 
                                maxPreviewHeight, 
                                largest); 
 
                // We fit the aspect ratio of TextureView to the size of preview we 



128 
 

picked. 
                int orientation = getResources().getConfiguration().orientation; 
                if (orientation == Configuration.ORIENTATION_LANDSCAPE) { 
                    textureView.setAspectRatio(previewSize.getWidth(), pre-
viewSize.getHeight()); 
                } else { 
                    textureView.setAspectRatio(previewSize.getHeight(), pre-
viewSize.getWidth()); 
                } 
 
                this.cameraId = "2"; 
 
                return; 
            } 
        } catch (CameraAccessException e) { 
            e.printStackTrace(); 
        } catch (NullPointerException e) { 
            // Currently an NPE is thrown when the Camera2API is used but not supported 
on the 
            // device this code runs. 
            ErrorDialog.newInstance(getString(R.string.camera_error)) 
                    .show(getChildFragmentManager(), FRAGMENT_DIALOG); 
        } 
    } 
 
    private String[] getRequiredPermissions() { 
        Activity activity = getActivity(); 
        try { 
            PackageInfo info = 
                    activity 
                            .getPackageManager() 
                            .getPackageInfo(activity.getPackageName(), Pack-
ageManager.GET_PERMISSIONS); 
            String[] ps = info.requestedPermissions; 
            if (ps != null && ps.length > 0) { 
                return ps; 
            } else { 
                return new String[0]; 
            } 
        } catch (Exception e) { 
            return new String[0]; 
        } 
    } 
 
    /** Opens the camera specified by {@link Camera2BasicFragment#cameraId}. */ 
    private void openCamera(int width, int height) { 
        if (!checkedPermissions && !allPermissionsGranted()) { 
            FragmentCompat.requestPermissions(this, getRequiredPermissions(), PERMIS-
SIONS_REQUEST_CODE); 
            return; 
        } else { 
            checkedPermissions = true; 
        } 
        setUpCameraOutputs(width, height); 
        configureTransform(width, height); 
        Activity activity = getActivity(); 
        CameraManager manager = (CameraManager) activity.getSystemService(Context.CAM-
ERA_SERVICE); 
        try { 
            if (!cameraOpenCloseLock.tryAcquire(2500, TimeUnit.MILLISECONDS)) { 
                throw new RuntimeException("Time out waiting to lock camera opening."); 
            } 
            if (ActivityCompat.checkSelfPermission(getActivity(), Manifest.permis-
sion.CAMERA) != PackageManager.PERMISSION_GRANTED) { 
                // TODO: Consider calling 
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                //    ActivityCompat#requestPermissions        // here to request the 
missing permissions, and then overriding 
                //   public void onRequestPermissionsResult(int requestCode, String[] 
permissions, 
                //                                          int[] grantResults) 
                // to handle the case where the user grants the permission. See the 
documentation 
                // for ActivityCompat#requestPermissions for more details. 
                return; 
            } 
            manager.openCamera(cameraId, stateCallback, backgroundHandler); 
        } catch (CameraAccessException e) { 
            e.printStackTrace(); 
        } catch (InterruptedException e) { 
            throw new RuntimeException("Interrupted while trying to lock camera open-
ing.", e); 
        } 
    } 
 
    private boolean allPermissionsGranted() { 
        for (String permission : getRequiredPermissions()) { 
            if (ContextCompat.checkSelfPermission(getActivity(), permission) 
                    != PackageManager.PERMISSION_GRANTED) { 
                return false; 
            } 
        } 
        return true; 
    } 
 
    @Override 
    public void onRequestPermissionsResult( 
            int requestCode, @NonNull String[] permissions, @NonNull int[] grantRe-
sults) { 
        super.onRequestPermissionsResult(requestCode, permissions, grantResults); 
    } 
 
    /** Closes the current {@link CameraDevice}. */ 
    private void closeCamera() { 
        try { 
            cameraOpenCloseLock.acquire(); 
            if (null != captureSession) { 
                captureSession.close(); 
                captureSession = null; 
            } 
            if (null != cameraDevice) { 
                cameraDevice.close(); 
                cameraDevice = null; 
            } 
            if (null != imageReader) { 
                imageReader.close(); 
                imageReader = null; 
            } 
        } catch (InterruptedException e) { 
            throw new RuntimeException("Interrupted while trying to lock camera clos-
ing.", e); 
        } finally { 
            cameraOpenCloseLock.release(); 
        } 
    } 
 
    /** Starts a background thread and its {@link Handler}. */ 
    private void startBackgroundThread() { 
        backgroundThread = new HandlerThread(HANDLE_THREAD_NAME); 
        backgroundThread.start(); 
        backgroundHandler = new Handler(backgroundThread.getLooper()); 
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        synchronized (lock) { 
            runClassifier = true; 
        } 
        backgroundHandler.post(periodicClassify); 
    } 
 
    /** Stops the background thread and its {@link Handler}. */ 
    private void stopBackgroundThread() { 
        backgroundThread.quitSafely(); 
        try { 
            backgroundThread.join(); 
            backgroundThread = null; 
            backgroundHandler = null; 
            synchronized (lock) { 
                runClassifier = false; 
            } 
        } catch (InterruptedException e) { 
            e.printStackTrace(); 
        } 
    } 
 
    /** Takes photos and classify them periodically. */ 
    private Runnable periodicClassify = 
            new Runnable() { 
                @Override 
                public void run() { 
                    synchronized (lock) { 
                        if (runClassifier) { 
                            classifyFrame(); 
                        } 
                    } 
                    backgroundHandler.post(periodicClassify); 
                } 
            }; 
 
    /** Creates a new {@link CameraCaptureSession} for camera preview. */ 
 
 
    private void createCameraPreviewSession() { 
        try { 
            SurfaceTexture texture = textureView.getSurfaceTexture(); 
            assert texture != null; 
 
            // We configure the size of default buffer to be the size of camera preview 
we want. 
            texture.setDefaultBufferSize(previewSize.getWidth(), pre-
viewSize.getHeight()); 
 
            // This is the output Surface we need to start preview. 
            Surface surface = new Surface(texture); 
 
            // We set up a CaptureRequest.Builder with the output Surface. 
            previewRequestBuilder = cameraDevice.createCaptureRequest(CameraDevice.TEM-
PLATE_PREVIEW); 
            previewRequestBuilder.addTarget(surface); 
 
            //CameraCharacteristics characteristics =manager.getCameraCharacteris-
tics(cameraId); 
            //maximumZoomLevel = characteristics.get(CameraCharacteris-
tics.SCALER_AVAILABLE_MAX_DIGITAL_ZOOM); 
            // Here, we create a CameraCaptureSession for camera preview. 
            cameraDevice.createCaptureSession( 
                    Arrays.asList(surface), 
                    new CameraCaptureSession.StateCallback() { 
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                        @Override 
                        public void onConfigured(@NonNull CameraCaptureSession cam-
eraCaptureSession) { 
                            // The camera is already closed 
                            if (null == cameraDevice) { 
                                return; 
                            } 
 
                            // When the session is ready, we start displaying the pre-
view. 
                            captureSession = cameraCaptureSession; 
                            try { 
 
 
                                previewRequestBuilder.set(Cap-
tureRequest.SCALER_CROP_REGION, zoom); 
 
                                //previewRequestBuilder.set(CaptureRequest.CON-
TROL_AE_MODE,CaptureRequest.CONTROL_AE_MODE_OFF); 
 
 
                                previewRequestBuilder.set(CaptureRequest.CON-
TROL_AE_MODE, 
                                        CaptureRequest.CONTROL_MODE_OFF); 
 
                                previewRequestBuilder.set(CaptureRequest.SENSOR_EXPO-
SURE_TIME,exposuretime); 
                                previewRequestBuilder.set(Cap-
tureRequest.SCALER_CROP_REGION, zoom); 
                                //previewRequestBuilder.set(CaptureRequest.CON-
TROL_AWB_MODE,CaptureRequest.CONTROL_AWB_MODE_AUTO); 
 
 
 
                                // Auto focus should be continuous for camera preview. 
                                //previewRequestBuilder.set( 
                                //      CaptureRequest.CONTROL_AF_MODE, 
                                //    CaptureRequest.CONTROL_AF_MODE_CONTINUOUS_PIC-
TURE); 
 
 
                                previewRequestBuilder.set( 
                                        CaptureRequest.CONTROL_AF_MODE, 
                                        CaptureRequest.CONTROL_AF_MODE_OFF); 
 
 
 
                                // Finally, we start displaying the camera preview. 
                                previewRequest = previewRequestBuilder.build(); 
                                captureSession.setRepeatingRequest( 
                                        previewRequest, captureCallback, background-
Handler); 
                            } catch (CameraAccessException e) { 
                                e.printStackTrace(); 
                            } 
                        } 
 
                        @Override 
                        public void onConfigureFailed(@NonNull CameraCaptureSession 
cameraCaptureSession) { 
                            showToast("Failed"); 
                        } 
                    }, 
                    null); 
        } catch (CameraAccessException e) { 
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            e.printStackTrace(); 
        } 
    } 
 
    /** 
     * Configures the necessary {@link android.graphics.Matrix} transformation to `tex-
tureView`. This 
     * method should be called after the camera preview size is determined in setUpCam-
eraOutputs and 
     * also the size of `textureView` is fixed. 
     * 
     * @param viewWidth The width of `textureView` 
     * @param viewHeight The height of `textureView` 
     */ 
    private void configureTransform(int viewWidth, int viewHeight) { 
        Activity activity = getActivity(); 
        if (null == textureView || null == previewSize || null == activity) { 
            return; 
        } 
        int rotation = activity.getWindowManager().getDefaultDisplay().getRotation(); 
        Matrix matrix = new Matrix(); 
        RectF viewRect = new RectF(0, 0, viewWidth, viewHeight); 
        RectF bufferRect = new RectF(0, 0, previewSize.getHeight(), pre-
viewSize.getWidth()); 
        float centerX = viewRect.centerX(); 
        float centerY = viewRect.centerY(); 
        if (Surface.ROTATION_90 == rotation || Surface.ROTATION_270 == rotation) { 
            bufferRect.offset(centerX - bufferRect.centerX(), centerY - bufferRect.cen-
terY()); 
            matrix.setRectToRect(viewRect, bufferRect, Matrix.ScaleToFit.FILL); 
            float scale = 
                    Math.max( 
                            (float) viewHeight / previewSize.getHeight(), 
                            (float) viewWidth / previewSize.getWidth()); 
            matrix.postScale(scale, scale, centerX, centerY); 
            matrix.postRotate(90 * (rotation - 2), centerX, centerY); 
        } else if (Surface.ROTATION_180 == rotation) { 
            matrix.postRotate(180, centerX, centerY); 
        } 
        textureView.setTransform(matrix); 
    } 
 
 
 
 
 
    /** Classifies a frame from the preview stream. */ 
    private void classifyFrame() { 
        if (classifier == null || getActivity() == null || cameraDevice == null) { 
            showToast("Uninitialized Classifier or invalid context."); 
            return; 
        } 
 
 
        SimpleDateFormat formatter = new SimpleDateFormat("yyyy_MM_dd_HH_mm_ss", Lo-
cale.GERMANY); 
        Date now = new Date(); 
 
 
        buttonsave.setOnClickListener(new View.OnClickListener() { 
            public void onClick(View v) { 
 
                numberofimages = Integer.valueOf(imgnum.getText().toString()); 
                int counter = 0; 
                for (int i = 0; i < numberofimages; i++) { 
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                    Bitmap bitmap = textureView.getBitmap(textureView.getWidth(), tex-
tureView.getHeight()); 
                    Date now = new Date(); 
                    String fileName = formatter.format(now) + ".jpeg"; 
                    try (FileOutputStream out = new FileOutputStream(Environment.getEx-
ternalStorageDirectory() 
                            + File.separator + fileName)) { 
                        bitmap.compress(Bitmap.CompressFormat.JPEG, 100, out); // bmp 
is your Bitmap instance 
                        // PNG is a lossless format, the compression factor (100) is 
ignored 
                    } catch (IOException e) { 
                        e.printStackTrace(); 
                    } 
 
          /*try { 
            //set time in mili 
            Thread.sleep(50); 
 
          }catch (Exception e){ 
            e.printStackTrace(); 
          }*/ 
 
                    counter = counter + 1; 
                } 
            } 
        }); 
 
 
        buttonstart.setOnClickListener(new View.OnClickListener() { 
            public void onClick(View v) { 
 
 
 
                if (started) { 
                    dlgAlert2.setMessage("Counting summary:"+"\n"+ "\n"+ "5 um bead: " 
+ Integer.toString(number2) + "\n" + "8 um bead: " + Integer.toString(number1) + "\n" + 
"12 um bead: " + Integer.toString(number)); 
                    dlgAlert2.setTitle("SmartFlow v1.0"); 
                    dlgAlert2.setIcon(R.drawable.warning); 
                    dlgAlert2.setPositiveButton("OK", null); 
                    dlgAlert2.setCancelable(true); 
                    dlgAlert2.create().show(); 
                } 
                number = 0; 
                number1 = 0; 
                number2 = 0; 
                started = !started; 
 
 
 
            } 
        }); 
 
        //numberofimages=Integer.valueOf(imgnum.getText().toString()); 
        //for (int i=0; i<numberofimages; i++) 
        //{ 
 
        Bitmap bitmap = textureView.getBitmap(textureView.getWidth(), texture-
View.getHeight()); 
        back = BitmapFactory.decodeResource(getResources(), R.drawable.backjurkat); 
        test = BitmapFactory.decodeResource(getResources(), R.drawable.frame4); 
        control = BitmapFactory.decodeResource(getResources(), R.drawable.jurkat); 
        //back=Bitmap.createScaledBitmap(back, 600,800, true); 
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        //test=Bitmap.createScaledBitmap(test, 600,800, true); 
        //test = Bitmap.createScaledBitmap(test, ImageClassifier.DIM_IMG_SIZE_X,Image-
Classifier.DIM_IMG_SIZE_Y, true); 
        //vi.setImageBitmap(test); 
        //int width=bitmap.getWidth(); 
        //int height=bitmap.getHeight(); 
        int width2 = back.getWidth(); 
        int height2 = back.getHeight(); 
        org.opencv.core.Size s = new org.opencv.core.Size(f_size, f_size); 
        Mat kernel = Imgproc.getStructuringElement(Imgproc.MORPH_ELLIPSE, new 
org.opencv.core.Size(k_size, k_size)); 
        Mat back_im = new Mat(width2, height2, CvType.CV_8UC4); 
        Mat org_frame_im = new Mat(width2, height2, CvType.CV_8UC4); 
        Mat frame_im = new Mat(width2, height2, CvType.CV_8UC4); 
        Mat subs = new Mat(width2, height2, CvType.CV_8UC4); 
        Mat c = new Mat(width2, height2, CvType.CV_8UC4); 
        Mat hierarchy = new Mat(); 
        List<MatOfPoint> contours = new ArrayList<MatOfPoint>(); 
        Utils.bitmapToMat(back, back_im); 
        Utils.bitmapToMat(bitmap, org_frame_im); 
        Imgproc.cvtColor(back_im, back_im, Imgproc.COLOR_RGB2GRAY); 
        Imgproc.cvtColor(org_frame_im, frame_im, Imgproc.COLOR_RGB2GRAY); 
        Imgproc.GaussianBlur(back_im, back_im, s, 0); 
        Imgproc.GaussianBlur(frame_im, frame_im, s, 0); 
        //long startTime = SystemClock.uptimeMillis(); 
        Imgproc.Canny(frame_im, c, 50, t_upper); 
        //long endTime = SystemClock.uptimeMillis(); 
        //subtract(frame_im, back_im, subs); 
        //Imgproc.threshold(subs,subs,25,255,Imgproc.THRESH_BINARY); 
        //Imgproc.morphologyEx(subs,subs,Imgproc.MORPH_DILATE,kernel); 
        //Imgproc.findContours(subs,contours,hierarchy,Imgproc.RETR_EXTERNAL, 
Imgproc.CHAIN_APPROX_SIMPLE); 
        Imgproc.threshold(c, c, 0, 255, Imgproc.THRESH_BINARY); 
        Imgproc.morphologyEx(c, c, Imgproc.MORPH_DILATE, kernel); 
        Imgproc.findContours(c, contours, hierarchy, Imgproc.RETR_EXTERNAL, 
Imgproc.CHAIN_APPROX_SIMPLE); 
        //number=0; 
        //number1=0; 
        //number2=0; 
 
        //String tcost=Long.toString(endTime - startTime); 
        //texttime.setText(tcost); 
        //Toast.makeText(getActivity(), "denemeeee", Toast.LENGTH_LONG).show(); 
 
    /*try { 
      //set time in mili 
      Thread.sleep(1000); 
 
    }catch (Exception e){ 
      e.printStackTrace(); 
    }*/ 
        for (int j = 0; j < contours.size(); j++) { 
            MatOfPoint2f contour2f = new MatOfPoint2f(contours.get(j).toArray()); 
            Imgproc.approxPolyDP(contour2f, contour2f, 3, true); 
            MatOfPoint points = new MatOfPoint(contour2f.toArray()); 
            org.opencv.core.Rect rect = Imgproc.boundingRect(points); 
            //Mat cropped = new Mat(org_frame_im, rect); 
            Bitmap cropped = Bitmap.createBitmap(bitmap, rect.x, rect.y, rect.width, 
rect.height); 
            //Imgproc.rectangle(frame_im,new org.opencv.core.Point(rect.x, rect.y), new 
org.opencv.core.Point(rect.x + rect.width, rect.y + rect.height), new Scalar(255, 0, 0, 
0), 2); 
            Bitmap bmp32 = Bitmap.createBitmap(frame_im.width(), frame_im.height(), 
Bitmap.Config.RGB_565); 
            //Utils.matToBitmap(subs,bmp32); 
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            //Bitmap bmpcont = Bitmap.createBitmap(control.getWidth(),con-
trol.getHeight(),Bitmap.Config.RGB_565); 
            Utils.matToBitmap(c, bmp32); 
            Bitmap csc = Bitmap.createScaledBitmap(cropped, ImageClassi-
fier.DIM_IMG_SIZE_X, ImageClassifier.DIM_IMG_SIZE_Y, true); 
            Paint recPaint = new Paint(); 
            recPaint.setColor(Color.RED); 
            recPaint.setStrokeWidth(8); 
            recPaint.setStyle(Paint.Style.STROKE); 
            Canvas canv2 = imView.lockCanvas(); 
            canv2.drawBitmap(bmp32, 0, 0, new Paint()); 
            //canv2.drawRect(rect.x,rect.y,rect.x+rect.width, 
rect.y+rect.height,recPaint); 
            imView.unlockCanvasAndPost(canv2); 
            Canvas canv = processView.lockCanvas(); 
            canv.drawBitmap(csc, 0, 0, new Paint()); 
            processView.unlockCanvasAndPost(canv); 
            //String textToShow = classifier.classifyFrame(csc); 
            Bitmap bm = Bitmap.createScaledBitmap(bitmap, ImageClassi-
fier.DIM_IMG_SIZE_X, ImageClassifier.DIM_IMG_SIZE_Y, true); 
            String textToShow = classifier.classifyFrame(bm); 
            //entries.clear(); 
            //bmpcont.recycle(); 
            csc.recycle(); 
            bmp32.recycle(); 
            String result = textToShow.substring(4, 6); 
 
            switch (result) { 
                case "8u": 
                    number1 = number1 + 1; 
                    break; 
                case "12": 
                    number = number + 1; 
                    break; 
                case "5u": 
                    number2 = number2 + 1; 
                    break; 
            } 
 
 
            showToast(textToShow); 
 
        } 
 
        test.recycle(); 
        //} 
 
 
        if (started) 
        { 
            series.resetData(new DataPoint[]{new DataPoint(5, number2), 
                    new DataPoint(8, number1), 
                    new DataPoint(12, number) 
            }); 
 
        } 
 
 
    } 
 
 
    /** Compares two {@code Size}s based on their areas. */ 
    private static class CompareSizesByArea implements Comparator<Size> { 
 
        @Override 
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        public int compare(Size lhs, Size rhs) { 
            // We cast here to ensure the multiplications won't overflow 
            return Long.signum( 
                    (long) lhs.getWidth() * lhs.getHeight() - (long) rhs.getWidth() * 
rhs.getHeight()); 
        } 
    } 
 
    /** Shows an error message dialog. */ 
    public static class ErrorDialog extends DialogFragment { 
 
        private static final String ARG_MESSAGE = "message"; 
 
        public static ErrorDialog newInstance(String message) { 
            ErrorDialog dialog = new ErrorDialog(); 
            Bundle args = new Bundle(); 
            args.putString(ARG_MESSAGE, message); 
            dialog.setArguments(args); 
            return dialog; 
        } 
 
        @Override 
        public Dialog onCreateDialog(Bundle savedInstanceState) { 
            final Activity activity = getActivity(); 
            return new AlertDialog.Builder(activity) 
                    .setMessage(getArguments().getString(ARG_MESSAGE)) 
                    .setPositiveButton( 
                            android.R.string.ok, 
                            new DialogInterface.OnClickListener() { 
                                @Override 
                                public void onClick(DialogInterface dialogInterface, 
int i) { 
                                    activity.finish(); 
                                } 
                            }) 
                    .create(); 
        } 
    } 
} 
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