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Abstract 

Ion channels are specialised proteins in the plasma membrane that provides a 

passageway for charged ions, including sodium (Na+), potassium (K+), chloride (Cl-), 

and calcium (Ca+) ions; and ion channel activities are crucial related to the physiology 

of living creatures. Abnormal ion channel activities can lead to neurodegenerative 

diseases such as Amyotrophic lateral sclerosis (ALS) and Alzheimer's disease (AD). 

Thus, recording of the ion channels’ activities from time to time is regarded as valuable 

data for tracing how such conditions were developed, and hence it may be possible to 

assist the diagnosis of patients. The patch clamp technique is considered a gold method 

to record the ion channels activities. This technique can measure the ultra-low current 

going down to pico ampere across the cell membrane.   

In this thesis, the patch clamp technique is used to develop cytoplasmic 

microinjection with current feedback for small and non-spherical cells. Cell 

microinjection is commonly used for intracellular delivery of various substances into 

cells using micropipettes. It plays a crucial role in drug deliveries, cell transfection, and 

gene therapy using human cells. However, cell microinjection always requires a skilled 

operator to manipulate a micropipette carefully, so it is inefficient to carry out the cell 

microinjection, especially for cells that are small in micron scale. It is quite challenging 

to observe and determine whether the target materials are injected into the cell 

spontaneously with the naked eye of humans. To reduce the operational failure due to 

human errors, other research groups have introduced different feedback approaches 

such as visual and voltage feedback. Using the features of high current sensitivity of 

the patch clamp technique, we have introduced the patch clamp technique to monitor 

the microinjection by observing the electrical current passing through the living cell. 

The electrical current response not only can indicate the materials injected into the cell 

during the microinjection but also can verify the cell viability after the microinjection. 

In our studies, an electrical equivalent model for cytoplasmic microinjection has been 

developed and cell viability verification with SH-SY5Y (human-derived neuroblastoma 

cell) and HEK-293 (human embryonic kidney cell) have been performed after the 

microinjection.  
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After building the electrical equivalent model, we have converted the model 

into the equivalent electric circuit to calculate the current response with four different 

injection volumes during the microinjection. During the experiment, a linear 

relationship is found between the injection volumes and the drop of the current signals. 

In the equivalent electric circuit, ISeal  (current passing the sealing resistance) and IAccess 

(current passing the access resistance) have been calculated and we have found that ISeal 

is the significant factor of Im (cell membrane current) for monitoring the injection 

volume.  

Nevertheless, the patch clamp technique has a low throughput due to operational 

challenges. Traditional operations are complex and labour-intensive, especially the first 

step to identify suitable cells which can be poked with a glass micropipette without 

destroying the cell membrane based on microscopic images. The subtle morphological 

differences between suitable and unsuitable cells are difficult to detect by inexperienced 

operators or using traditional machine learning approaches. It is desirable to develop an 

automatic and accurate detection method to select suitable cells for every operation. 

Hence, a novel signalling model called CELL-YOLO has been developed to detect 

suitable cells for electrophysiological recording based on the YOLO (You only look 

once) model [23]. To verify its effectiveness, HEK-293 cells have been chosen as target 

cells in this study. CELL-YOLO has been trained with three different data sizes of 

HEK-293 cell images in our self-built datasets and three resulting models named 

CELL-YOLO104, CELL-YOLO306 and CELL-YOLO612 have been generated. The 

learning ability of CELL-YOLO has been verified by comparison among these three 

trained models. To assess CELL-YOLO’s performance, the newly developed YOLO 

models that are YOLOV3 and YOLOV4 have also been trained with the largest dataset 

for comparison. To quantify the performance, the accuracy can be measured using 

mAP50 (mean average precision when intersection over union (IoU)=50), and mAP75 

(mean average precision when IoU=75), whilst the processing speed can be measured 

using FPS (frames per second).  

We have found that the mAP50, mAP75, and FPS of CELL-YOLO612 are 35.65, 21.26, 

and 30, respectively, which are higher than those parameters of YOLOV3 and 

YOLOV4. The mAP and FPS results indicate the superiority of our proposed model in 

this specific application in terms of accuracy and processing speed.  
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Since the patch clamp technique can measure the ultra-low current that goes 

down to pico ampere, it is a reliable electrophysiological technique to reveal and 

quantify neuronal activities. The developed method has been applied to 

electrophysiological signals in both voltage and current clamp to verify if the induced 

pluripotent stem (iPS) cells can be differentiated into neuronal stem cells (NSCs) on 

different biocompatible extracellular matrices (ECMs). After plating the stem cells on 

the glass slip as a control and two different ECMs that are L-NHs (Left-handed nano-

helices subtract) and NZs (Nano-zigzags subtract), the whole-cell voltage-clamp has 

been used to monitor the total current flow across the entire membrane of the stem cell 

due to the total ion channel activity in response to voltage stimuli. The activities of the 

Na+ and K+ ion channels of the stem cells have been recorded and those ion channel 

activities can be ascribed to neuronal signalling. Using the current clamp, the NSCs can 

exhibit spontaneous firing with current stimuli, and that signal firing is one of the 

typical neuronal signalling activities. Thus, the experimental result can prove that iPSC 

can be differentiated into NSC successfully.  
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Chapter 1 Introduction 

1.1. Background of ion channel activities 

Ion channels are an essential part of living cells related to the physiological 

function of nearly all living organisms. The ion channel plays a fundamental role in cell 

signalling [1][2]. Ion channels are distinct protein structures that span the lipid bilayer 

of the cell membrane allow particular ions to pass from one side of the membrane to 

the other [3]. 

Various ion channels can be classified as either passive or active ion channels. 

Passive channels are always open, i.e. ions diffuse from areas of high concentration to 

areas of low concentration [4]. In the resting state of most cells, the extracellular sodium 

ion concentration is much higher than the intracellular solution, while the reverse is true 

for potassium ions. The ion flux through these passive channels contributes 

significantly to the resting potential [5].On the other hand, active ion channels lead to 

the firing of input energy called action potential (AP) to transport ions against the 

concentration gradients in responses to different physical stimuli, that is divided ion 

channels into three main categories which are voltage-gated, ligand-gated and 

mechano-gated, in responses to different physical stimulus. Those ion channel activities 

are illustrated in Figure 1.  

 

Figure 1. Three Types of Ion Channels [6]. 
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In different parts of the nervous system, different types of channels carry out 

specific signalling tasks. Due to the key roles in electrical signalling, the malfunction 

or dysfunction of ion channels can cause various neurological diseases.  Moreover, ion 

channels are often the site of the action of drugs, poisons, or toxins. Thus, the ion 

channels have crucial roles in both electrophysiology and pathophysiology [6][7]. 

Currently, there are approximately 400 kinds of ion channels are present in the human 

genome, and many of these ion channels have been implicated in many diseases; only 

approximately 50 channel pathways in humans are known and around 30% of those 50 

channels are targeted by the drugs on the market [8]. 

To investigate the ion channels, the Patch clamp technique is a unique method 

for real-time measurements of ion channels functions at the single-molecule level and 

ion transporter functions at the level of a cluster of molecules [9]. The technique is now 

widely used in the field of ion channel research for many purposes, such as to monitor 

changes in the total membrane current, intracellular voltage or cell membrane 

capacitance etc. in a living cell at high time resolution [9]. To monitor the current 

change of the entire cell under the voltage stimulus, the whole-cell patch mode has been 

used for recording the membrane current from a cell under the voltage clamp. It is 

believed that the current recording from the cell can facilitate the understanding of cell 

signalling and hence can further apply to drug screening or diseases diagnosis.   

 

1.2. The Patch clamp electrophysiology  

Patch clamp electrophysiology is a technique of choice for the biophysical 

analysis of the function of nerve, muscle and synapse in Caenorhabditis Elegans 

nematodes[10]. Patch clamp is considered the “gold standard” for ion channel screening 

due to its unrivalled signal-to-noise ratio and temporal resolution [11]. The principle of 

the Patch clamp technique is to isolate a patch of membrane electrically from the 

external solution and to record the current flowing into the patch. In each recording, a 

fire-polished glass pipette filling with a suitable electrolyte solution is pressed again the 

surface of a cell with applying light suction to create a seal whose electrical resistance 

is more than 1 GΩ, called the gigaseal formation [12] [13], shown in Figure 2.   
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Figure 2. Principle of Patch clamp Technique [9]. 

 

RS represents the series resistance (or access resistance) linked serially to the 

patch membrane resistance. Rseal means seal resistance. Usually, RS is 1–5 MΩ [9]. 

When Rseal is more than 10 GΩ, Ip/I = Rseal/(RS + Rseal) ~ 1 [9]. This Ip is detected as a 

voltage drop across the high-resistance feedback resistor (Rf) in the I –V converter 

circuitry (surrounded by dotted lines) [9]. Since the output of the operational amplifier 

(A1) contains the command voltage (VCMD), this is to be subtracted through the next 

operational amplifier (A2) [9]. 

 

Figure 3 indicates several configuration/modes on the Patch clamp technique. 

The cell-attached mode is designed first to record single-channel currents [14]; the 

inside-out mode and outside-out mode are then developed for realizing the control of 

intracellular and extracellular environment during single-channel recording [15]. 

Subsequently, the open cell-attached inside-out mode [16] and the perforated vesicle 

outside-out mode [17] are invented. The conventional whole-cell mode [15] and the 

perforated patch mode [18] are designed for recording the total current across the whole 

membrane of a single cell. 
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Figure 3. Different Kinds of Patch Configuration [13][19]. 

 

The Patch clamp allows investigation of the change of the state of neurons from 

resting potential to action potential and the functional properties of ion channels. It 

includes current clamp and voltage clamp and several configurations, including whole-

cell recording and single-channel recording. The cell-attached mode records single-

channel currents under gigaseal conditions. In this mode, channel activity is observed 

with minimum disturbance to the intracellular environment. However, intracellular 

conditions cannot be controlled directly, and the actual transmembrane voltage remains 

unknown because there is no information on the intracellular membrane potential 

[20][21]. 

When the patch membrane is ruptured after making the cell-attached 

configuration, the total current across the whole membrane of the cell can be recorded. 

This is called the “whole-cell” mode. In this mode, the intracellular milieu is dialyzed 

with the pipette solution, so both extracellular and intracellular conditions can be 

controlled. Furthermore, the intracellular membrane potential can be controlled or 

monitored reliably by voltage clamp or current clamp, respectively. Conventional Patch 

clamp is a very information-rich technique, but it requires skilled personnel to perform 

experiments, and typically, only one experiment can be performed at a time [22] due to 

the complicated operation and the specific skills are required. An example of a 

procedure for whole-cell recording is shown in Figure 4 [23]. 
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Figure 4. The five phases of the Patch clamp recording [23] 

The five phases of the whole-cell recording involve locating a cell in good condition, 

manipulating a single micro-pipette filled with intracellular solution to approach the 

cell bathed in extracellular solution, controlling pressure applied on the cell membrane 

through the pipette to create the gigaseal configuration and then break-in the cell 

membrane in the tactic cells or tissues [24]. Despite the challenges of Patch clamp 
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recording, the ability to record ion channels activities led to the diverse development of 

automated Patch clamp (APC) systems [25]. To overcome the difficulties of the 

conventional Patch clamp systems, different APC systems have been proposed [26].  

 

1.3. Microinjection of biological cells 

Besides the patch clamp recording, cell microinjection is a another promising 

micromanipulation method in the study of biological fields [1]. Efficient tools to 

precisely inject drugs into cells are of significant value to the development of novel 

therapeutics [28]. It is also important for the study of cellular activity in biological fields 

[29]. Research activities in biological engineering such as drug screening and 

transfection require the precise manipulation of single biological cells [30]. Several 

methods, including drug delivery by either nano-vehicles or nanoparticles, may be used 

to penetrate the cell membrane and perform intracellular delivery [31][32]. In addition, 

viral vector-based methods are very effective to inject the target nuclide acid into 

various kinds of cells ranging from ex vivo transduction of hematopoietic cells to in 

vivo transgene expression through the optimization of tissue-specific. However, safety 

remains a great concern for gene therapies using the viral vector [33]. Besides, nano-

needle is very efficient for delivering different molecules and materials including 

antibodies, quantum dots and nanoparticles to primary hippocampus neuron cells and 

NIH3T3 fibroblast cells which both of their sizes are around 100 μm in diameter [34]. 

Unfortunately, the injection performance on small adherent cells using the nano-

needles is unknown at present.   

To monitor the microinjection process, we are going to develop a current 

feedback approach for cell microinjection using the patch clamp technique. Further 

details will be discussed in Chapter 3 and Chapter 4, respectively.  

 

1.4. Research motivation and objectives 

Cell microinjection is one of the most common methods for intracellular 

delivery of various substances into cells, to apply in the field of drug deliveries and cell 
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transfection and gene therapy using human cells. Nevertheless, cell microinjection 

using a pipette always require a skilled operator to manipulate the pipette carefully and 

hence the efficiency of cell injection is low. In addition, it is quite challenging to 

determine whether the target material is injected into the cell spontaneously by 

observation, especially for cells that are small in the micron scale. Consequently, the 

applied force on the fragile cell membrane may be larger than necessary during the cell 

microinjection, which may lead to cell death. Cell viability is believed to be another 

important issue with great concern after the microinjection. Cell viability is commonly 

verified by using the vital stain. Observing the cell division using the fluorescent stain 

on the target cell was also reported to verify the cell viability. However, both methods 

cannot give the verification spontaneously. 

The patch clamp recording is a powerful tool for the study of ion channel 

activities, but conventional Patch clamp is far too laborious. Automated patch clamp 

technologies have been steadily advancing over the past 15 years with a planar 

substrate, but the success rate of obtaining a current measurement is still not reliable 

for small and irregular cells, compared with the conventional Patch clamp with a 

pipette.  

The research objectives are described as below: 

1. To develop a current feedback approach for a cell cytoplasmic 

microinjection process with the patch clamp technique for small and 

non-spherical living cells 

2. To develop an equivalent electrical model for monitoring the real-

time current response during the microinjection and verifying the cell 

viability with the ion channel activities after the microinjection 

3. To develop a deep learning approach for automatic detection of a 

suitable biological cell for the patch clamp operation to enhance the 

success rate of signal recording 

4. To apply both voltage clamp recording and current clamp recording 

of patch clamp techniques to record the electrophysiological 

behaviours of induced pluripotent stem cell (iPSC) grown on 

biocompatible extracellular matrices (ECM) and hence verify if the 

neuronal stem cells (NSC) can be developed 
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1.5. Chapter summary 

This chapter discusses the research background, motivation, and objectives. The 

scope of this dissertation covers the development of cytoplasmic microinjection with 

current feedback using the patch clamp technique, development of an electric model 

for monitoring cytoplasmic microinjection and cell viability verification of small and 

non-spherical living cells, development of an equivalent electric circuit for monitoring 

the consistent current response drop against different injection volume, development of 

a deep learning approach for cell detection and screening in patch clamp 

electrophysiology and application of the developed patch clam technique for 

electrophysiological study of neural stem cells (NSC) differentiation. The overall 

layout of the dissertation is illustrated in Figure 5.  

  

Figure 5. The overall layout of the dissertation 

 

After the introduction, chapter 2 presents a literature review of cell 

microinjection with different feedbacks, automated patch clamp (APC) techniques and 

deep learning and convolution neural networks.  

Chapter 3 presents the development of cytoplasmic microinjection with current 

feedback using the patch clamp technique and an electrical equivalent model for cell 

cytoplasmic microinjection and cell viability. The equivalent model for monitoring cell 
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cytoplasmic microinjection has been developed with the patch clamp technique to 

monitor the electrical signal of biological cells during microinjection. The electrical 

model for cell viability verification has been developed to explain the consistent current 

drop during microinjection. Besides, the electrophysiological recording was performed 

before and after the cell cytoplasmic microinjection to verify the cell viability.  

Chapter 4 further investigates the electrical behaviour of cell microinjection for 

small and non-spherical living cells. The experimental results show a linear relationship 

between the current response of cell microinjection and different injection volumes. 

The results have been verified with the calculation of the involved current in the 

equivalent electric circuit converted by the electric model.  

Chapter 5 introduces the deep learning approach for cell detection and screening 

in patch clamp for electrophysiology. A model of CELL-YOLO for biological cell 

detection has been developed. Data collection and labelling for the training dataset has 

been explained. Data augmentation of biological microscopic images has been 

discussed to enhance the data size for training. The loss curves of CELL-YOLO have 

been plotted to examine the training performance. The detection results and mAP of 

CELL-YOLO have been collected to verify detection accuracy and measure detection 

time. The testing results have been compared with YOLOV3 and YOLOV4 

Chapter 6 reveals the application of the developed patch clamp technique for 

the electrophysiological study of neurological behaviour of neural stem cells (NSC) 

after differentiation. The current response detection of differentiated NSC was recorded 

using a voltage clamp, and the membrane potential change was monitored using the 

current clamp. The peak current density tracking against voltage stimulus of NSC was 

studied in a differentiation cycle.  

Finally, the conclusions and future works are provided in Chapter 7.  
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Chapter 2 Literature review 

2.1. Micropipette-based microinjection  

Micropipette-based microinjection is a process for the delivery of foreign materials 

by penetrating living cells using a micropipette. The foreign materials are various, 

ranging from RNA, DNA, protein, sperm, toxins and drug, which are broadly used in 

cell transfection, drug screening and other biomedical applications [35][36][37]. 

Molecule screening at a single cell level is crucial in drug discovery so that the cellular 

function of the target molecules inside the cell can be controlled [38]. At present, 

conventional microinjection is still operated manually under a microscope with a fine 

glass micropipette [39][40]. 

It was proven to work effectively and has the advantages of precise control of 

delivery dosage and high transduction efficiency [41]. However, the drawbacks of 

pipette-based methods are time-consuming and require a well-trained operator, 

resulting in costing a lot of time and money [42]. During the cell microinjection, the 

micropipette is manipulated to approach a single living cell and then penetrate the cell 

membrane with a micromanipulator [42]. Then, a micro-injector is used to inject the 

foreign materials into the cell. The entire process is mainly controlled by operators with 

direct or indirect observation under a microscope. Therefore, a skilful operator plays a 

key role in the success of cell microinjection. The abovementioned concerns have led 

to the demand for automatic pipette-based cell microinjection to increase the success 

rate and reduce human errors [43]. Several automated cell injection approaches with 

different kinds of feedback have been reported, including force feedback, impedance 

feedback and visual feedback.  

 

2.1.1. Microinjection with force feedback 

The microNewton force feedback approach has been reported to largely improve 

the work efficiency and success rate of microRNA and DNA injections to suspended 

mouse embryos (around 100 μm in diameter) and zebrafish cells (1.3 mm in diameter) 

[44]. Polyvinvylidenedback (PVDF) film as a piezoresistive force sensor is used for 



21 

 

force feedback to monitor the injection process when injecting zebrafish embryos [45]. 

For smaller cells, the penetration force analysis of several cell lines, L929, HeLa, 4T1, 

and TA3-HA-II cells, is demonstrated using atomic force microscopy (AFM) [28], 

which helps the researcher to understand the cell mechanics. 

  

 

Figure 6. The force-based cell injection and sensing scheme [45]. 

 

Figure 7. Penetration force analysis for cell injection using AFM with Si tip [28]. 

2.1.2. Micro-injection with voltage and impedance feedback 

Impedance feedback for a robot-assisted cell microinjection system performed on 

zebrafish fish embryos is introduced to enhance the accuracy of the system feedback 

[28][46]. Utilizing the voltage feedback of the piezo-actuator, a design of the piezo-

driven cell injector is introduced in cell injection of zebrafish embryos at the suspended 

state with a comparably high survival rate of over 80% [47]. 
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Figure 8. Design of the piezo-driven cell injector [47]. 

2.1.3. Micro-injection with visual feedback 

A vision-based force measurement for cell microinjection is performed on mouse 

oocytes (around 100 µm in diameter) and drosophila embryos (around 500 μm in 

diameter) [48]. The relationship between the dimple angle and the injection force is 

found to be polynomial, as shown in Figure 9.  

 

Figure 9. The dimple angle formed in the cell deformation during the micro-injection of a cell [48] 

 

Figure 10. The fitted curves of the data sample between the dimple angle and the injection force [48] 

While a visual-based system with impedance control for cell injection has been 

reported to perform on Zebrafish embryos [49], some researchers suggest that visual 

feedback may be a possible solution for the micro-injection of small cells with a 
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diameter of less than 100 µm [50]. However, another challenge that arose from visual 

feedback is the difficulty in observing the contact between the tip and the cell to 

determine the penetration status. In recent years, more genetic research has driven the 

demand for automated cell microinjection systems, and some in vitro cell 

microinjection systems have been reported in a review[51]. All of the microinjection 

systems mentioned are for suspending cells in an oval shape. Nevertheless, some typical 

human cells are adherent and small such as neuroblastoma cells and human epithelial 

cells. Recently, an automated injection system for suspending small cells (diameter < 

30 µm) has been reported, which is operated with a microfluidic cell holder chip 

[43][52]. Small adherent cells are of importance in cell biology because the size of 

human cells, which is usually ranging from 7 µm to 25 µm, and also cell transfection 

using human cells with precise delivery of target materials is challenging to operate, 

but have a great demand to be automated [43]. In the past, other research groups focused 

on the automated injection of large and round cells such as zebrafish embryos 

[30][41][53][54][55][56]. In contrast, there are relatively few numbers of researches 

about the automated injection of small adherent cells [56]. For instance, SHSY-5Y cells 

(human neuroblastoma cells) are used frequently for studying Alzheimer’s disease. 

HEK-293 cells (human embryonic kidney cells) are used frequently for studying gene 

therapy. However, it is more difficult to implement either manual or automated 

injection on the human cells due to their small size. 

To overcome the challenges, a current feedback approach is proposed to work for 

automating the micro-injection of neuronal cell line (<30 μm). In this study, an 

equivalent electrical model has been established to monitor two situations. The real-

time current response during the microinjection was studied for the effectiveness of the 

injection. In addition, the current trace under voltage stimulus was recorded to verify 

the viability of the cells after microinjection.  

 

2.1.4. Micro-injection for small adherent cells 

In recent years, several small adherent cells with a diameter of < 30 μm) are 

considered as typical models in pathological studies, such as HEK293 [57], N2A [58] 

and SHSY5Y [59] even though they are difficult to manipulate due to its fragile feature 
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and irregular form. Therefore, cell microinjections on small adherent cells are of great 

importance in various biomedical studies. Nevertheless, it is more challenging to 

perform microinjection to small adherent cells because their size is nearly 5 to 10 times 

smaller than that of oocytes and hence more accurate control in terms of positioning 

and injection accuracy of micropipette is demanded [40]. In other previous studies, 

visual-based controls [60] or force-based controls [39] have been proposed to enhance 

injection accuracy and the ease of operation, and a fully automated microinjection 

system has been thus developed for zebrafish cells [61]. The visual control approach 

involves auto-focusing, identification and position control of cells and injection pipette 

[62]; the force sensor is used to detect the contact between the target cell and the pipette 

[63].  Despite the claimed advantages, the abovementioned approaches have been 

limited to the application of the microinjection process for large and spherical cells such 

as zygotes, oocytes and zebrafish cells. The visual feedback mechanism is difficult for 

small and irregular shape cells due to the complicated algorithm to cope with small and 

irregular shape features. Force feedback may be another method to enhance the 

automation level, but it cannot provide adequate sensitivity to detect a force change 

during cell microinjection of small adherent cells. Therefore, we propose a new 

monitoring approach to validate the cell microinjection quantitatively via observing the 

change of electrical signal across the cell membrane in real-time. In our previous study, 

an electrical model is established to explain the relationship between electrical signal 

change across cell membrane and the cell microinjection process [64].  

 

2.2. Automated Patch clamp technique  

The patch clamp technique is widely used in electrophysiological studies and provide 

direct quantified data of ion channel activities in real-time at high fidelity in the scale 

of pico-ampere. This technique can monitor the interaction between a drug and a 

specific ion channel and hence understand the biophysical mechanisms of pathology 

and biological computation [26]. The patch clamp technique is regarded as a gold 

standard for ion channel research, inevitably with the drawbacks of low throughput and 

high personnel costs. In the last decade, the development of several automated patch 

clamp (APC) systems has greatly increased the throughput of whole-cell 
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electrophysiological recordings [26]. The current APC systems are divided into three 

main categories: (1) the glass pipette-based APC system; (2) the micro-fabricated 

planar electrode-based APC system; and (3) the automated two-electrodes voltage 

clamp (TEVC) on Xenopus oocytes [65].  

2.2.1. The glass pipette-based APC 

Glass pipette-based APC systems are proposed in different approaches. The first 

approach is to move a pipette to contact the surface of a randomly chosen cell suspended 

in one or more cell layers in a density-gradient solution or a random cell of brain tissue 

[1]. In the second approach, a tiny pipette is vertically positioned upwards while the 

suspended cells are attached to the opening of the pipette tip randomly. In the third 

approach, suspended cells flow through a glass pipette to the inside of the pipette’s tip 

[67]. Those approaches have the same drawbacks that limit the choices of cell types to 

the suspended cells. Moreover, the cell is selected blindly, so it is quite challenging to 

patch a target cell.  
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Figure 11. APC using micro-pipette performing the whole-cell recording a neuronal tissue of a mouse in vivo. (a) 

the operation sequence of a micro-pipette electrode-based patch clamp. b) Schematics of the APC with the key 

components. (c) the voltage firing under the applied current from -60 pA to + 80pA. (d) the voltage firing under 

the applied current from -60 pA to +40 pA. (e) a cortical neuron as a target cell. 

 

2.2.2. The micro-fabricated planar electrode-based APC system 

Another type of APC system is based on a micro-fabricated planar electrode, which 

utilizes microfabrication of silicon or plastic-based planar arrays with micron-size holes 

that allow loose or tight seal formations [68]. Although the planar APC system can 

significantly increase throughput and several commercial APC systems are employing 

this technique, it also has a limited choice of cell types. Those planar type APC systems 

are designed to use stable cell lines that express a single ion channel type in large 

quantities, whilst the primary cells, differentiated cells derived from induced 

pluripotent stem cells (iPSCs), embryonic stem cells (ESCs) or transiently transfected 
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cells with low expression levels of ion channels are difficult to be used using this 

technique [26][69]. The schematics of a planar electrode-based patch clamp is shown 

in Figure 12 [70]. During the operation, the cell hunting is performed by suction and 

then a cell-attached configuration.  

Furthermore, the TEVC is designed for studying ion channels expressed in Xenopus 

oocytes only, which are not widely used for drug discovery [71]. Due to the various 

limitations of different APC systems, the current APC cannot entirely replace the 

manual patch clamp, especially for the study in a wide range of cell types, which are 

not suspended, or the cell is with irregular and unique cell morphological features.  

 

Figure 12. The illustration of a planar electrode-based patch clamp [70]. 

 

Another challenge of both the manual patch clamp technique and APC system is to 

control the cell condition of a single cell to be patched because the cell condition is one 

of the main keys to the success of the patch clamp operation. In most APC systems, a 

target cell is randomly selected, so the cell condition cannot be guaranteed since the 

cell condition can be varied in the same batch of the cell culture [26]. In contrast, the 

target cell of the manual patch clamp under the microscope can be selected by the 

operator, but the success rate of selecting a suitable cell for the patch clamp operation 

is highly dependent on the skills of the operator, and a skilled operator is expensive and 

required years of experience. To enhance the success rate and the efficiency of the patch 

clamp technique, APC with object detection of a unique and specific biological cell is 

highly desired with high accuracy and high throughput. 
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2.3. Deep learning-based object detection 

Object detection is one of the key areas in the fields of computer vision and deep 

learning. The two main tasks of object detection are object localization to determine the 

location of an object target within an image and object classification to recognize the 

categories of the target object [72].   Traditionally, object detection is divided into three 

steps: (i) proposal generation to search the region that may contain the object in an 

image with sliding windows; (ii) feature vector extraction to capture discriminative 

semantic information of the covered region; and (iii) region classification to assign 

categorical labels to the covered regions  [73]. Inevitably, this working mechanism has 

led to various drawbacks. Redundant proposals are generated, and hence a significant 

number of false positives are produced. Since the feature descriptors are designed 

manually with low-level visual cues, it is difficult to locate the representative features 

information in complicated images [74] [75][76]. A globally optimal solution for an 

entire system cannot be acquired because every step of the detection pipeline is 

designed and optimized individually[73]. In contrast, the performance of object 

detection is significantly improved after employing the convolutional neural network 

of deep learning techniques[77].   

Deep learning is a computational model composed of multilayers neural networks 

and backpropagation to learn representations of data with multiple levels of abstraction. 

The working principle of deep learning is to learn to map a fixed-size input to a fixed-

size output through forward-propagation of a neural network from the input layer to the 

output layer through the hidden layers. During the feedforward process, a set of units 

compute a weighted sum of their inputs from the previous layer and pass the results to 

the next layer through a non-linear activation function [78]. Typically, the rectifier 

linear (ReLU) function is the most commonly used since the learning process of a ReLU 

function is much faster in a very deep neural network when compared with other non-

linear functions such as tanh(z) and 1/(1+exp(-z))[79]. In backward propagation of a 

neural network,  an objective function is used to measure the error between the output 

scores and the desired pattern of scores through a procedure is called stochastic gradient 

descent (SGD), as shown in Figure 13 [78]. 
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Figure 13. Deep learning model with multilayer neural networks and backpropagation. (a) Multilayer neural 

networks with two input units at one input layer, two hidden units at one hidden layer and one output unit at one 

output layer. (b) The chain rule of derivatives as a basic unit functioning at the forward propagation and 

backward propagation. (c) The objective functions are used for computing the forward propagation of a neu with 

two hidden layers. (d) The gradient descent function for computing the backward propagation to find out the error 

derivatives with respect toral network the output of each unit in the neural network [78]. 

 

Constructing with more hidden units and hidden layers, the neural network becomes 

deeper in the structure, and hence it is called deep learning or deep neural networks. 

Different deep neural networks are constructed for various applications, as shown in 

Figure 14 [78]. Particularly, a kind of neural network framework called convolutional 

neural network (CNN) is used for computer vision applications, including image 

classification and object detection. 

 

Figure 14. Classification of deep neural networks and their application. 
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2.3.1. CNN for image classification  

CNN has been developed for processing data in the form of multiple arrays. For 

image processing, the input data of an image is three 2D arrays with pixel intensities in 

three RGB colour channels: red, green, and blue. The basic structure of a CNN is 

composed of convolution layers, pooling layers and fully connected layers, as shown 

in Figure 15 [78][73] to conduct different data transformations. In Figure 15, the image 

processing is being computed from the bottom upwards. Units in convolution layers are 

designed as feature maps or filters to compute the data from the previous layer [72]. 

The convolution or filtering operation is used to convolute the values of the receptive 

units with the learned weight and take a ReLU function to obtain the output [72]. 

Pooling operation such as average pooling and max pooling is used to summarize the 

response of the receptive units into one value to produce a more robust feature 

description [72]. In recent years, different network structures have been developed, and 

their image classification performances have been well-proven in the largest scale 

image classification contest called ImageNet Large Scale Visual Recognition 

Challenges (ILSVRC) to classify over 1.2 million images from the largest image 

database called ImageNet [73], [77], [78] as shown in Figure 16.  

 

Figure 15. The structure of a convolution neural network 
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Figure 16. The development of classic convolution neural networks for image classification (at the bottom) and 

object detection (at the top) starting from 2012 [73] 

 

Some of the classific CNNs for image classification became the standard 

modules of deep learning application due to their specific contribution to a significant 

improvement of image classification in terms of speed and accuracy.  

The breakthrough of AlexNet is to introduce non-saturating neurons for faster 

training and dropout regularization to reduce overfitting in the fully connected layers 

[77]. Afterwards, VGG is developed by the Visual Geometry Group of Oxford 

University, has proved the advantages of using a smaller filter that is a 3 × 3 convolution 

filter with a stride of 1 over AlexNet using an 11 × 11 convolution filter with a stride 

of 4. Using a 3 × 3 convolution filter can make the decision function more non-linear 

and the data extraction operation more systematic [80]. VGG-16 and VGG-19 are 

typical VGG networks using 16 and 19 weight layers, respectively. VGG-16 and VGG-

19 have 13 and 16 convolutional layers, respectively, and they both have 3 fully 

connected layers and 3 max-pooling layers. After VGG-Net, two classic building 

blocks of CNN are developed: residual network (ResNet) from Microsoft and the 

inception module of GoogLeNet from Google.  In a residual learning model, a plain 

network inspired by VGG-19 is constructed and a shortcut connection is proposed to 

reduce optimization difficulties, as shown in Figure 17[80]. As a ResNet, a layer could 

skip the nonlinear transformation and directly pass the input from the previous layer to 

the next layer. Compared with VGG-19 (19.6 billion), ResNet can successfully reduce 

the top-1 error with significantly less floating-point operation per second (FLOP) in the 

entire structure[80]. Shortcut connection creates a highway to directly pass the 

gradients from deep layers to shallow units, reducing training difficulty significantly. 

Using residual blocks, the model depth of a training network could be increased 
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tremendously (e.g. from 16 to 152), allowing us to train very high capacity models [73]. 

Another 22 layers deep network called GoogLeNet, developed by Google, became the 

next champion of ILSVRC in 2014. In GoogLeNet, an important module called 

inception is introduced with embedded different scale convolution kernels (1 × 1, 3 × 3, 

and 5 × 5) on the same feature map in a given layer as shown in Figure 18. Compared 

with VGGNet, the computational cost of the Inception structure is much lower; the 

inception captures multi-scale features and summarizes these features together as an 

output feature map. The development of the inception module from Inception v2, 

Inception v3 [81], Inception v4 to Inception-ResNet [82] is continued by adding the 

batch normalization operation, rearranging the different sizes of convolution kernels 

and integration with residual blocks. The introduction of residual connections leads to 

dramatically improved training speed for the Inception architecture[82].  

 The abovementioned network structures are all initially designed and trained for 

image classification using the ImageNetg database. For initialization of the model used 

for object detection, those CNNs have been introduced as backbone networks for 

different detection paradigms. Directly applying the trained model for classification on 

object detection tasks can lead to poor detection problems due to the conflicts arising 

from the features discrimination between the classification and detection.  
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Figure 17. Left: the VGG-19 model [80] as a baseline. Middle: a plain network with 34 parameter layers. Right: a 

residual network with 34 parameter layers. 
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Figure 18. The original inception module  

 

Figure 19. Residual connection (left: typical residual connection[83], right: optimized residual connection using 

1x1 convolution block[82]) 

 

 

Figure 20. The unit block of the Inception-Resnet Model[82] 

 

 

2.3.2. CNN framework for object detection with deep learning 
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Recent CNN based object detectors can be mainly divided into two main categories: 

two-stage detectors such as RCNN [84], spatial pyramid pooling network (SPP-net), 

Fast RCNN [85], Faster RCNN [86] and R-FCN [87], as shown in Figure 21 and one-

stage detectors such as you only look once (YOLO) [88] [89] [90][91], single-shot 

multibox detector (SSD) [92], RetinaNet [93] and CornerNet [94] as shown in Figure 

22.  

 

Figure 21. The framework structure of two-stage detectors[73] 

 

 

Figure 22. The framework structure of one-stage detectors[73] 

  

A two-stage object detector, or called region-proposed-based detector, uses the 

framework with a two-stage process [73] [38]. The first stage is region proposal 

generation to propose regions in the image with a high recall, and hence all objects in 

the image belong to at least one of these proposed regions. The second stage is to 



36 

 

classify these proposals with the right categorical class labels using CNN for image 

classification. In contrast, a one-stage object detector, called a global-classification-

based detector, does not have a separate stage for proposal generation; they generally 

consider all positions in the image as potential objects and classify each region of 

interest as either background or a target object[73] [38]. In general, the detection 

precision of a two-stage detector is higher than a one-stage detector, while the 

processing time of a one-stage detector is much faster and applicable to real-time object 

detection because it eliminates proposal generation and subsequent pixel or feature 

resampling stages and encapsulates all computation in a single network[92].  

 

2.4. Chapter summary 

This chapter has shown the recent development in three main sections: cell 

microinjection with different feedback, automated patch clamp techniques, and deep 

learning techniques for object detection. After reviewing the literature, cytoplasmic 

microinjection with current feedback using the patch clamp technique for small and 

non-spherical cells, an equivalent electrical model for monitoring the real-time current 

response during the microinjection and verifying the cell viability with the ion channel 

activities after the injection, and a specific deep learning-based algorithm for automatic 

detection of a suitable and healthy cell for reducing the operational challenges of the 

patch clamp technique has been developed. After that, the developed patch clamp 

technique has applied to record the electrophysiological behaviours of induced 

pluripotent stem (iPS) cells grown on biocompatible extracellular matrices (ECM) and 

hence verify if the neuronal stem cells (NSC) can be developed on ECM.  
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Chapter 3 Current-feedback approach for a 

cell cytoplasmic microinjection process with 

the patch clamp technique for small and non-

spherical living cells 

To monitor the electrical signal of biological cells for microinjection, an electric 

equivalent model of a cell cytoplasmic microinjection with a micro-pipette has been 

proposed, as illustrated in Figure 23. The electric model was developed to find out the 

significant factor of current that can align with the experimental results. This chapter 

describes the electric model and the key parameters and shows the experimental results 

of the current responses during the microinjection.  We found that the current responses 

were related to the key parameters of the electric model. More calculations will be 

provided in the next chapter.  

In Figure 23, a cell interacting with a micro-pipette can be regarded as an 

electrical circuit containing several electrical components. Ena, EK, and Eother ions are the 

equilibrium (Nernst) potentials of Na+, K+, and other ions between the cell membrane. 

In normal conditions, EK and ENa are about −90 mV and +60 mV [95] due to the 

concentration difference between the outer and inner fluid of living cells. Naturally, the 

external fluid usually contains 0.44 M of Na+, and the internal fluid, which is the 

cytoplasm, usually contains 0.5 M of K+ and some unspecific anions such as 

phosphates, amino acids, and negatively charged proteins [96]. In this study, cells are 

bathed in the buffer solution as the outer fluid of living cells, called the extracellular 

solution. Meanwhile, another solution is prepared as the fluid being injected into the 

inner fluid of living cells, called an intracellular solution. 

The capacitance (CM) of the cell membrane exists due to the different 

concentrations of total ions between the outer and inner fluid. The glass layer structure 

of the pipette acts as a capacitor, CPipette, which gives the capacitance transient curve 

when the micropipette is immersed in the extracellular solution. The capacitance 

transient curve can be neutralized by injecting the opposite capacitance current via 

adjustment with the observation of the electrical signal. Rna, RK, and ROther ions are the 

variable resistances of the ionic currents contributed by Na+, K+, and other ions, 
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respectively. Their resistances vary because the various ions (Na+, K+, and other ions) 

pass through the cell members when the corresponding ion channels are activated under 

a different stimulus [95]. RSeal is the resistance due to the formation of a tight and strong 

seal between the cell surface and the pipette before the microinjection. Access 

resistance (Raccess) results from the geometry of the pipette and any obstruction at the 

tip by the adherent membrane [97]. 

 

Figure 23. The electric equivalent model of the cell cytoplasmic injection. 

3.1. The equivalent model for the cell cytoplasmic 

microinjection 

In the model, EInjection is hypothesized to exist when the intracellular solution is 

injected into a cell using a micropipette. It is believed that the injection will cause a 

significant change in the membrane potential because of the change of ion 

concentrations across the membrane. During the injection, the injected intracellular 

solution immediately mixes with the cytoplasm of the cell leading to a change of ion 

concentration in the cytoplasm, while the concentration of the extracellular solution 

remains unchanged. EInjection can be expressed as shown in Equation (3.1). ECell Membrane 

can be calculated by the Nernst Equation, as shown in Equation (3.2): 

 

𝑬𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏 = 𝑵𝒆𝒘 𝑬𝑪𝒆𝒍𝒍 𝑴𝒆𝒎𝒃𝒓𝒂𝒏𝒆− 𝑶𝒍𝒅 𝑬𝑪𝒆𝒍𝒍 𝑴𝒆𝒎𝒃𝒓𝒂𝒏𝒆 (3.1) 
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where New ECell Membrane is the membrane potential after the injection, and Old ECell 

Membrance is the membrane potential before the injection: 

𝑬𝑪𝒆𝒍𝒍 𝑴𝒆𝒎𝒃𝒓𝒂𝒏𝒆 =∑
𝑹𝑻

𝒁𝑭
𝒍𝒏
[𝒊𝒐𝒏𝒋]𝒐

[𝒊𝒐𝒏𝒋]𝒊

𝒏

𝒋=𝟎

  
(3.2) 

where R is the ideal gas constant, R = 8.314472 J K−1·mol−1, T is the temperature in 

kelvins, F is Faraday’s constant (coulombs per mole), F = 9.648533 × 104 C·mol−1, 

[ion]o is the extracellular concentration of that particular ion (in moles per cubic meter), 

[ion]I is the intracellular concentration of that particular ion (in moles per cubic meter), 

and Z is the number of moles of electrons transferred in the cell reaction or half-reaction. 

By taking into consideration all the ions of the intracellular solution, ECell Membrane can 

be expressed as shown in Equation (3.3). 

𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃𝒓𝒂𝒏𝒆 =
𝑹𝑻

(+𝟏)𝑭
𝒍𝒏
[𝑵𝒂+]𝒐
[𝑵𝒂+]𝒊

+ 
𝑹𝑻

(+𝟏)𝑭
𝒍𝒏
[𝑲+]𝒐
[𝑲+]𝒊

+
𝑹𝑻

(+𝟐)𝑭
𝒍𝒏
[𝑴𝒈𝟐+]𝒐
[𝑴𝒈𝟐+]𝒊

 +
𝑹𝑻

(−𝟐)𝑭
𝒍𝒏
[𝑪𝒍𝟐−]𝒐
[𝑪𝒍𝟐−]𝒊

+
𝑹𝑻

(𝒁)𝑭
𝒍𝒏
[𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔]𝒐
[𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔]𝒊

 

(3.3) 

where 
𝑹𝑻

(𝒁)𝑭
𝒍𝒏

[𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔]𝒐

[𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔]𝒊
 ≅ 𝟎 , since the concentration of ion is very small. 

 

Since the major injected ions are K+ and Na+, the equation of cell membrane 

potential can be simplified in Equation (3.4). 

𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃𝒓𝒂𝒏𝒆 =
𝑹𝑻

(+𝟏)𝑭
𝒍𝒏
[𝑵𝒂+]𝒐
[𝑵𝒂+]𝒊

+ 
𝑹𝑻

(+𝟏)𝑭
𝒍𝒏
[𝑲+]𝒐
[𝑲+]𝒊

 (3.4) 

To study and verify this electrical model, the patch clamp technique was used 

with a low noise operational amplifier that can apply voltage stimulus for controlling 

the voltage potential of the cell membrane, called the membrane potential (Vm). It can 

also acquire the total current response of the cell membrane, called the membrane 

current (Im). 
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When a cell is connected to the operational amplifier, the electric equivalent 

circuit of the cell cytoplasmic microinjection is constructed, as shown in Figure 24. The 

operational amplifier acts as a voltage source (EOpAmp) in series with a resistor (ROpAmp) 

to apply the voltage stimulus, which can evolve the ion flow along the ion channels. 

There are five switches in the circuit, including the switch (Sseal) for the sealing 

resistance and the switch (SInjection) for the microinjection of the cell. In this circuit, Sseal 

is always open as RSeal is extremely large compared with other resistances, and hence 

the connection to RSeal will act as an open circuit. The function of the switch (SInjection) 

for the microinjection of the cell is to connect the EInjection when the intracellular solution 

is injected into the cell. SK, SNa, and SOther ions act like the switches to connect RNa, RK, 

and ROther ions, which will be the maximum when there is the least ion channel activity, 

and vice versa. 

 

Figure 24. The equivalent circuit of the current feedback model for the cell cytoplasmic microinjection and cell 

viability verification. 

 

In the measurement, the membrane current (IM) can be recorded. According to 

the circuit model, IM is composed of several components, as shown in Equation (3.5), 

including the current caused by the pipette capacitance (IPipette), the current passing 

through the sealing resistance (ISeal), the current passing through the access resistor 
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(IAccess), and the current caused by the membrane capacitance (Ic). Ic is produced by the 

charge accumulation at the outer and inner membrane surface when Vm changes. 

 

𝑰𝒎 = 𝑰𝒑𝒊𝒑𝒆𝒕𝒕𝒆 + 𝑰𝑺𝒆𝒂𝒍 + 𝑰𝑪 + 𝑰𝑨𝒄𝒄𝒆𝒔𝒔  (3.5) 

To simplify Equation (5), IPipette can be cancelled out by adjusting the current 

signals with the function of leak subtraction in the operational amplifier of the patch 

clamp. In addition, ISeal is usually small enough to be neglected when RSeal is very large. 

IC is nonzero only when Vm is changing [95]. Throughout the microinjection, Vm is 

controlled at a constant level. When studying the ion channel activities, the stimulus of 

a square voltage pulse is applied to the cell. Hence, IC will be nearly zero because Vm is 

always constant, and Vm only changes at the brief instants when the voltage is stepped 

to a new value. In other words, 𝑰𝑪 = 𝑪𝒎
𝒅𝑽

𝒅𝒕
 ≅ 𝟎 under the stimulus of a square voltage 

pulse. IAccess is composed of the current passing through the sodium, potassium, and 

other ion channels (INa, IK and IOther ions) [97], as well as the current drop due to the 

injection (IInjection) in Equation (3.6). 

𝑰𝑨𝒄𝒄𝒆𝒔𝒔 = 𝑰𝑵𝒂 + 𝑰𝑲 +  𝑰𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔 + 𝑰𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏  (3.6) 

By combining Equations (3.5) and (3.6), the membrane current (IM) will be 

directly equal to IAccess, as shown in Equation (3.7). 

𝑰𝒎 = 𝑰𝑨𝒄𝒄𝒆𝒔𝒔 = 𝑰𝑵𝒂 + 𝑰𝑲 +  𝑰𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔 + 𝑰𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏 (3.7) 

Therefore, the electric equivalent circuit of the cell cytoplasmic microinjection 

can be simplified, as shown in Figure 25. 
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Figure 25. The simplified circuit of the current feedback model for the cell cytoplasmic microinjection and cell 

viability verification. 

The microinjection was performed on a single living cell at the resting state. SK, 

SNa, and SOther ions are anticipated to be open because RNa, RK, and ROther ions are expected 

to be very large since nearly none of the ion channels will be activated without the 

voltage stimulus. Hence, INa, IK, and IOther ions will become zero. Subsequently, IM will 

only be equal to the current drop, as RAccess is connected to EInjection, induced by the 

concentration difference of the ions in the cytoplasm of the living cell due to the 

microinjection of the intracellular solution, as shown in Equation (3.8). 

𝑰𝒎 = 𝑰𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏 =
𝑬𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏

𝑹𝑨𝒄𝒄𝒆𝒔𝒔
  

(3.8) 

  

3.2. The electric model for cell viability 

After the injection to a living cell, its viability is of great concern and can be 

verified by studying ion channel activities. When the cells are alive after the 

microinjection, the activities of the ion channels can be activated by applying the 

voltage stimulus. Under the voltage stimulus, the cell membrane current IM of the 

normal cell can be calculated by Equation (3.9). In this situation, RK, RNa, and ROther ions 

are very low, so those ions can easily pass through the cell membrane when the Na+, 
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K+, and other ion channels are activated. Moreover, IOther ions can be neglected when 

compared with INa and IK because the activities of the Na+ and K+ ion channels are 

dominant. Therefore, the IM of a normal cell is equal to the sum of INa and IK, as shown 

in Equation (3.10). 

𝑰𝒎 = 𝑰𝑵𝒂 + 𝑰𝑲 +  𝑰𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔 (3.9) 

where 𝑰𝑶𝒕𝒉𝒆𝒓 𝒊𝒐𝒏𝒔 ≅ 𝟎 

𝑰𝒎 = 𝑰𝑵𝒂 + 𝑰𝑲 (3.10) 

where the current response of IK and INa depends on RK and RNa, respectively, as shown 

in Equations (3.11) and (3.12). 

𝑰𝑲 =
𝑽𝒎 − 𝑬𝑲
𝑹𝑲

  
(3.11) 

𝑰𝑵𝒂 =
𝑽𝒎 − 𝑬𝑵𝒂
𝑹𝑵𝒂

  
(3.12) 

where RK and RNa are variables based on the number of activated ion channels for 

passing Na+ and K+ ions across the membrane. 

 

3.3. The cell cytoplasmic microinjection with the patch 

clamp technique 

The experimental setup consists of several units (as shown in Figure 26), which 

are an extracellular solution to bathe the cells for providing them with an in vitro 

environment like in vivo, an intracellular solution to act as an electrolyte connected to 

a low-noise amplifier and to be injected inside the cell during the microinjection 

process, a low-noise amplifier (Model: Axopatch 200B from Molecular Device, 

Sunnyvale, CA, USA) to amplify the recording current signal from the cell, a data 

digitizer (Digidata 1440A from Molecular Devices) and computer for generating the 

voltage stimulus waveform and data acquisition of the current signal from the cell 

membrane, and the inverted microscope (Model: Eclipse Ti from Nikon, Tokyo, Japan) 

to monitor the cell cytoplasmic microinjection. The adherent cells grown on coverslips 
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were prepared. In each experiment, the coverslip with adherent cells was placed inside 

a petri dish, filled with extracellular solution. When implementing the microinjection, 

the force applied on the cell via the micropipette was vertical, which would not lead to 

the sliding of the coverslip and movement of the cell. In addition, a Faraday cage is 

used to reduce the background signal in the surrounding area since the patch clamp 

recording is very sensitive to background noise. 

 

 

(a) (b) 

Figure 26. The experimental setup of the current feedback injection: (a) the close-up view; (b) the overall view. 

 

3.3.1 The patch clamp technique 

The principle of the patch clamp technique is to isolate a patch of membrane 

electrically from the external solution and to record the current flowing into the patch. 

During each recording, a fire-polished glass pipette filled with a suitable electrolyte 

solution was pressed against the surface of a cell whilst applying light suction to create 

a seal whose electrical resistance is more than 1 GΩ, called the gigaseal formation [98]. 

The patch clamp technique can be carried out under different kinds of configurations, 

which can record the total current of ion channels on the cell membrane of the intact 

cell at the whole-cell mode [99]. The patch clamp allows an investigation of the change 

of the cell state from resting potential to action potential and the functional properties 

of ion channels. The action potential is a transient, regenerative electrical impulse in 

which the membrane potential (Vm) rapidly rises to a positive voltage value from a 

negative voltage value, namely the resting potential where the cell is at its resting state 
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[100]. Under a voltage stimulus, the ion channels of the living cell normally respond to 

generate an electric impulse. The method is believed to be a more precise and accurate 

way to determine the cell condition. 

 

3.3.2 The cell cytoplasmic microinjection process 

In this process, the cell cytoplasmic microinjection process is divided into five 

main steps. Firstly, a micropipette is made from borosilicate glass capillaries (BF120-

69-7.5 from Sutter Instrument, Novato, CA, USA). Each glass capillary was pulled by 

a CO2 laser-based micro-pipette puller (Model: P-2000 from Sutter Instrument). As a 

result, the glass capillaries are divided into two halves, which were the micropipettes with 

the tip size of 1 µm. From the literature, the common tip size ranges from 0.05 µm to 1 

µm [43][51][53][96]. Secondly, SHSY-5Y cells are weekly prepared by cell passage and 

cell culture. Thirdly, the extracellular and intracellular solutions are prepared with various 

ions. The details of the cell culture and the solution preparation will be shown in the 

coming sections. Fourthly, the injection process is initiated by positioning the micro-

pipette filled with intracellular solution to approach the cell surface using the micro-

manipulator. The electrode placed inside the micropipette is connected to the headstage 

and hence to the operational amplifier. A test square voltage pulse of 20 mV for 10 ms is 

applied to the cell from the operational amplifier. 

When the pipette is immersed into the solution, a typical positive pressure is 

applied using a 10 mL syringe. A displacing plunger of about 1 mL is used to remove 

any contaminations at the tip. The resistance value is around 4–8 MΩ at the bath 

position. Afterwards, the pipette tip slowly approached the cell surface until there was 

an obvious increase of 3 to 5 MΩ in the total resistance and a significant decrease in 

the test pulse amplitude. When the current signal became steady, the positive pressure 

could be released rapidly. By applying suction through retracting air using a 5 mL 

syringe, the plunger is retracted at 0.1 mL/s for a second. Consequently, a very tight 

seal between the pipette and cell surface can be created with a GΩ formation where the 

total resistance of the electrical model will be around 1 GΩ. Afterwards, the voltage 

potential of the cell membrane is controlled at −70 mV, and a stronger pressure was 

applied to the micropipette through retracting air using a 5 mL syringe. The plunger 
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was retracted at 1 mL/s until a significant change of the current response was observed 

with the existence of capacitive current trace from the cell membrane. In the circuit, the 

membrane current is measured spontaneously and continuously while the voltage 

potential is kept at −70 mV throughout the microinjection process. Before starting the 

microinjection experiment, the baseline of the electric current response is always 

adjusted to zero. Consequently, the current due to the microinjection can be acquired 

without distortion from the original ion activities. 

During the microinjection, the current signal of the cell membrane is monitored. 

The permanent drop of the current level is consistently observed right after each 

injection. In each injection, the injection volume was estimated to be 19 pL. The 

estimation is based on recording the volume of the cell cytoplasm before and after the 

injection using optical images. In another study, the injection volume for cells (25 µm) 

is measured in the range of 2 to 22 pL [43]. Moreover, the patch clamp technique is 

used to compare the cell condition before and after the injection, and it can be done by 

applying a series of voltage square pulses from the operational amplifier. 

 

3.3.3 SHSY-5Y cells and HEK-293 cells 

In this study, a SHSY-5Y cell, which is the human-derived neuroblastoma cell, 

and a HEK-293 cell, a human embryonic kidney cell, are used to study the performance 

of the microinjection. The SHSY-5Y cell is often used as in vitro model to study 

Parkinson’s disease through studying the ion channel activities. The HEK-293 cell is 

widely used in cell biology, including in the study of gene therapy, and is also used as 

one mammalian expression system in the study of voltage-gated K+ channels 

[101][102]. The cells are cultured in standard conditions (Dulbecco’s Modified Eagle’s 

Medium supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin). 

The cells are weekly passaged via detachment with trypsin-EDTA, 5-min 

centrifugation at 1900 rpm, resuspension of the pellet in a 25 mL flask filled with 3 mL 

of medium and seeding of a new flask with 100–200 μL of suspension. 

 

3.3.4 Intracellular and extracellular solution 
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During the micro-injection, the cell lines cultured on a coverslip are bathed in 

an extracellular solution containing 160 mM NaCl, 4.5 mM KCl, 1 mM MgCl2, 2 mM 

CaCl2, 5 mM glucose, and 10 mM of HEPES with pH adjustment to pH 7.4 using 

NaOH. The intracellular solution is prepared using 75 mM KCl, 10 mM NaCl, 70 mM 

KF, 2 mM MgCl2, 10 mM HEPES, and 10 mM EGTA with pH adjustment to pH 7.2–

7.4 using KOH. 

3.4. Current drop of the cell cytoplasmic microinjection 

In the experiment, both SHSY-5Y and HEK-293 cells were used for the 

microinjection. The cells were placed at the stage of the inverted microscope, and 

optical images were obtained during the injection process, as shown in Figure 27. In 

each injection, a single cell was selected, and a tight seal was formed between the 

micropipette and the cell surface. After that, the current response of the cell was 

recorded and re-adjusted the initial current to be zero. During the microinjection, the 

cell is injected with around 19 pL intracellular solution, and the current responses have 

been recorded for the microinjection of both SHSY-5Y cells and HEK-293 cells, as 

shown in Figure 28. Since the estimated injected volume is 19 µL, the new concentration 

of [K+] and [Na+] are calculated to 150.5 µM and 15.1 µM, respectively, and the Einjection 

is estimated at −0.3 mV, which is not sufficient to activate the ion pumps (<10 mV) 

after the injection. As a result, EInjection would contribute a current drop during the 

injection. In one test, we found that the current drops are −11.9 nA and −11.7 nA for 

the SHSY-5Y cells and HEK-293 cells, respectively. 
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Figure 27. Photos of the micropipette and the cells (a) SHSY-5Y cells before the microinjection; (b) SHSY-5Y cells 

after the microinjection; (c) HEK-293 cells before the microinjection; (d) HEK-293 cells after the microinjection. 

 

 

Figure 28. The current response during the cell cytoplasmic microinjection of (a) a SHSY-5Y cell and (b) a HEK-

293 cell. 

 

3.5. The current response of ion channel activities 

Before and after the microinjection, electrical responses of SHSY-5Y cells and 

HEK-293 cells are recorded, as shown in Figure 29. The responses of both cells are 

observed under the voltage stimulus of a square pulse from −80 mV to 100 mV with 
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the epoch of 60 ms. The current responses can be studied through the direction and the 

amplitude of the current trace. 

 

Figure 29. The current traces of ion channels and the voltage stimulus of a SHSY-5Y cell: (a) before the 

microinjection and (b) after the microinjection. The current traces of ion channels and the voltage stimulus of a 

HEK-293 cell: (c) before the microinjection and (d) after the microinjection. 

 

Before the microinjection, the observation of the normal ion channel activities 

of both Na+ and K+ ion channels in SHSY-5Y cells were known with the inward current 

due to the hyperpolarization of Na+ ion channels and the outward current due to the 

depolarization of K+ channels that occurred at the same time, which was also reported 

by another research group [100]. Meanwhile, the normal ion channel activities of K+ 

ion channels were recorded in HEK-293 before the microinjection. 

After the microinjection, the viability can be verified by the current response 

due to the ion channel activities evolved by the voltage stimulus of a square pulse from 

−80 mV to 100 mV with the epoch of 60 ms, applied from the low noise amplifier. The 

ion channel activities of the K+ ion channel were found to be normal with the outward 

current due to the depolarization of K+ channels [100]. The current responses were 

compared before and after the microinjection of SHSY-5Y cells and HEK-293 cells. In 



50 

 

SHSY-5Y cells, K+ ion channels can be activated in both circumstances, while Na+ ion 

channels can only be activated before the microinjection. Due to the microinjection, 

Na+ ions were redistributed across the cell membrane, while Na+ ions inside the cell 

membrane were consumed, and hence Na+ ion channels could not be activated after the 

microinjection. However, the disappearance of Na+ ions did not lead to the death of the 

cell, which can be proven by the sustainable activities of the K+ ion channels. It is 

believed that we can re-activate the Na+ ion channels if we inject more Na+ into the cell. 

In HEK-293 cells, K+ ion channels can be activated in both circumstances. 

 

3.6. Reliability and repeatability of the current responses 

during the cytoplasmic microinjection 

In the experiment, reliability and repeatability are two important indicators of 

monitoring the current responses during the cytoplasmic microinjection. The reliability 

can be found by the consistency of the total current drop after the injection among 10 

tests for both SHSY-5Y cells and HEK-293 cells, whilst the repeatability can be 

demonstrated by the similar results of two different cells, as shown in Figure 30. From 

10 tests, we found that the current response of SHSY-5Y cells and HEK-293 cells are 

(−11.9 ± 0.2) nA and (−11.7 ± 0.4) nA, respectively. 

 

Figure 30. The current response of the cell during the cell cytoplasmic microinjection: (a) the microinjection 

process of the SHSY-5Y cell with 10 results; (b) the microinjection process of the HEK-293 cell with 10 results. 
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3.7. Chapter summary 

An electric model for cytoplasmic microinjection with current feedback was 

designed especially for small adherent cells. To elucidate the model for realising the 

current feedback, the cytoplasmic microinjection was performed on the SHSY-5Y and 

HEK-293 cells. During the microinjection, the consistent current drop (~12 nA) was 

found on both cells across the cell membrane with a prompt response within several 

milliseconds for the SHSY-5Y cell and the HEK-293 cell, while the voltage potential 

of the cell membrane was maintained at −70 mV. We found that the derived equation 

from the developed electric model can calculated the value of induced current, that 

matches with the experimental result of the consistent current drop of around 12nA 

when the injection volume is fixed at 12pL. The calculation method will be further 

discussed in next chapter.  

The viability of cells after the cytoplasmic microinjection can be well proven by the 

sustainable activities of K+ ion channels. In the future, the intracellular solution could 

act as a transporter of various drugs or other target materials for the micro-injection of 

small adherent cells using this technique. 
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Chapter 4 Equivalent electric circuit for 

monitoring the real-time response against the 

injection volume for cell cytoplasmic 

microinjection 

 

4.1. Cell microinjection for small and non-spherical living 

cells 

In the experiment, living adherent cells grown on the coverslip s bathed with the 

extracellular solution inside a petri dish, as shown in Figure 32. Each borosilicate glass 

capillary (BF120-69-7.5 from Sutter Instrument) is pulled by a CO2 laser-based 

micropipette puller (Model: P-2000 from Sutter Instrument) to make a micropipette. A 

glass micropipette with a very fine tip (tip size is 1 μm) filled with an intracellular 

solution is inserted into the cell. During cell microinjection, the solution is injected 

through the micropipette with a recoding electrode inside it. Meanwhile, another 

electrode, namely the reference/ground electrode, is immersed inside the intracellular 

solution to measure the electrical current passing across the cell membranes of a single 

cell. The recording electrode was connected to a low noise amplifier (Model: Axopatch 

200B from Molecular Device, Sunnyvale, CA, USA) and a digitizer (Model: Digidata 

1440A from Molecular Devices), thereby acquiring the electrical current signal at nano-

ampere scale rapidly. The movement of the micropipette was controlled by a micro-

manipulator (Model: MPC-200 from Sutter Instrument Company) in three directions at 

the micrometre scale. A typical observation of a cell and a micropipette is shown in 

Figure 31. The injection is implemented with a syringe while the injection volume is 

controlled by a syringe pump (Model: NE 1000 from Pump Systems Inc.). A syringe is 

used to give the pressure to push the fluid from the micropipette into the cell. In each 

injection, the injection volume was estimated to be 4 pL, 8 pL, 12 pL and 15 pL, 

respectively. The estimation is based on finding the volume of the cell cytoplasm before 
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and after the injection using microscopic images. Furthermore, a Faraday cage was 

installed whereby the background signal in the surrounding can be filtered.  

 

 

Figure 31. Schematics of cell microinjection at nano-ampere scale. 

 

 

Figure 32. The microscopic image of a cell and a micropipette during cell microinjection. 

 

4.2. Current drops of cell microinjection with different 

injection volumes 

In this experiment, the cell microinjection has been implemented on HEK-293 

cells with different injection volumes in the range of 4 pL to 15 pL. When the solution 

was injected into the cell with different volumes, the electrical current response was 

detected within the period of several milliseconds, as shown in Figure 33. Before each 
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microinjection, the baseline of electric current response was always adjusted to zero. 

Therefore, the current due to microinjection can be recorded without distortion from 

the original ion activities. Since the detected signal is very small at nano-ampere, it is 

very easy to be distorted by the surrounding noise, especially when the injection volume 

is getting smaller down to be 8 pL or below. Thus, we can observe some small spikes 

in these cases.  The current responses with different injection volumes were plotted in 

Figure 34, with 24 tests in total. Each point in Figure 34 respresents one test. We found 

that the electrical signal is directly proportional to the injection volumes.  

 

 

Figure 33. The current responses during the cell microinjection when the injection volumes are (a) 4 pL, (b) 8 pL, 

(c) 12 pL and (d) 15 pL, respectively 

 

 

Figure 34. The current responses against the injection volumes during the cell microinjection. 
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4.3. Verification of the current drops using the equivalent 

electric model 

To verify the observation with our hypothesis, we designed an equivalent electric 

model to explain why the electric response can be measured during the microinjection. 

In Figure 35, the equivalent electrical model consists of an operational amplifier that 

acts as a voltage source, EOpAmp, in series with a resistor ROpAmp. In the meantime, there 

are four switches in the circuit, including the switch (Sseal) for the sealing resistance, 

the switches (SK) and (SNa) for activation of K+ ion channels and Na+ ion channels, 

respectively as well as the switch (Sinjection) for the microinjection of the cell.  

 

Figure 35. The equivalent circuit of the cell microinjection 

 

 

Figure 36. The illustration of EK, ENa, RSeal and RAccess on the cell membrane. 
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During the microinjection, the recording electrode bathed inside the glass 

micropipette can form a sealing with the cell membrane and hence measure the total 

current flow across the cell membrane (Im).  

𝑰𝒎 = 𝑰𝑺𝒆𝒂𝒍 + 𝑰𝑨𝒄𝒄𝒆𝒔𝒔                                                    (4.1) 

where Im is the total current flow across the cell membrane, ISeal is the current flow 

depending on the sealing condition between the cell membrane and the glass 

micropipette. In the model, ISeal is smaller when Rseal is large since a secure suction 

between the glass micropipette and the cell membrane is formed. In addition, IAccess is 

the current change due to ion concentration change during microinjection (𝑰𝑨𝒄𝒄𝒆𝒔𝒔 =

𝑬𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏/𝑹𝑨𝒄𝒄𝒆𝒔𝒔 ). When the intracellular solution is injected into the cytoplasm, the 

cytoplasmic concentration of K+ ion and Na+ ion will change and hence induce EInjection. 

 

During the microinjection, Rseal will decrease due to the change of contact 

condition between the cell membrane and the glass micropipette. The cell membrane 

will expand, and hence ISeal will increase. To estimate ISeal, the command voltage from 

an amplifier (EOpAmp) was set as -10 mV throughout the process. During the 

microinjection, we recorded Rseal. Consequently, the calculated values of ISeal with 

different injection volumes were calculated and summarized in Table 1 using Equation 

(4.2).  

 

𝑰𝑺𝒆𝒂𝒍 = 
𝑬𝑶𝒑𝑨𝒎𝒑  

𝑹𝑺𝒆𝒂𝒍  
                                                                   (4.2) 

 

Table 1. The recorded RSeal and the calculated ISeal of different injection volume 

Injection Volume (pL) 4 8 12 15 

RSeal  (MΩ) 1.2 1.4 1.6 1.8 

ISeal  (nA) - 5.55 -6.25 -7.14 -8.33 
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4.4. Potential Change of Potassium Ion and Sodium Ion 

after the Cell Microinjection 

On the other hand, the cell membrane has the electric potential due to the difference of 

ion concentration across the cell membrane, as illustrated in Figure 36.  Living 

biological cells are constructed with cytoplasm and bathed in extracellular fluid, which 

ion concentration in both cytoplasm and extracellular solution for different cells varies 

in different locations due to their unique functions. The electric potential (can be 

calculated based on Nernst Equation [64]. Since the ion concentration of potassium ion 

and sodium ion are significantly larger than other ions, therefore, we will consider 

potassium ion and sodium ion only in our calculation in Equation (4.3). Hence, the cell 

membrane potential (𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃)  is the sum of all electric potentials induced by the 

ions. 

𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃 =
𝑹𝑻

(Z)𝑭
𝒍𝒏

[𝑵𝒂+]𝒐

[𝑵𝒂+]𝒊
+  

𝑹𝑻

(Z)𝑭
𝒍𝒏

[𝑲+]𝒐

[𝑲+]𝒊
                                 (4.3) 

 

where R is the ideal gas constant (R = 8.314472 J K−1·mol−1); T is the temperature in 

kelvins (T =299 K in our condition); F is Faraday’s constant in coulombs per mole (F 

= 9.648533 × 104 C·mol−1); [ion]o is the extracellular concentration of that ion (in moles 

per cubic meter); [ion]i is the intracellular concentration of that ion (in moles per cubic 

meter); and Z is the number of moles of electrons transferred in the cell reaction or half-

reaction (Z = +1 for both sodium and potassium ions). Equation (3) can be expressed 

as Equation (4) as follows, 

 

𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃 = 𝑬𝑁𝑎 +  𝑬𝐾                                                     (4) 

 

where ENa is the potential difference induced by the concentration difference of sodium 

ion between the cytoplasm and extracellular fluid, and similarly, Ek is the potential 

difference induced by the concentration difference of potassium ion.  

 

Based on Equation (4.3), the membrane potential before the injection (Old ECell Memb) 

is estimated as -85.69 mV because the concentrations of potassium ion and sodium ion 

are 400 mM and 50 mM in the cytoplasm, and 4.5 mM and 160 mM in extracellular 
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fluid in nature. Similarly, the membrane potential after the injection (New ECell Memb) 

can be calculated according to the new concentration of potassium ion and sodium ion 

inside the cytoplasm of cells after the microinjection, as shown in Table 2. As a result, 

the change in the membrane potential due to the injection (Einjection) can be found by 

Equation (4.5), where Old ECell Memb is nearly the same in four conditions because the 

same type of cell with a similar volume of around 141 pL was tested even the injection 

volume is different. 

𝑬𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏 = 𝑵𝒆𝒘 𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃 −  𝑶𝒍𝒅 𝑬𝒄𝒆𝒍𝒍 𝒎𝒆𝒎𝒃                                 (4.5) 

 

𝑰𝑨𝒄𝒄𝒆𝒔𝒔 = 
𝑬𝑰𝒏𝒋𝒆𝒄𝒕𝒊𝒐𝒏  

𝑹𝑨𝒄𝒄𝒆𝒔𝒔 
                                  (4.6) 

 
Table 2. The potential change of potassium ion and sodium ion after the cell microinjection 

Injection Volume (pL) 4 8 12 15 

New [𝑵𝒂+]𝒊 (mM) 48.97 47.99 47.07 46.18 

New [𝑲+]𝒊 (mM) 391.90 384.21 376.90 369.93 

New ENa  (mV) -115.15 -114.64 -114.14 -113.66 

New Ek   (mV) 30.52 31.04 31.54 32.03 

New  ECell Memb (mV) -84.63 -83.60 -82.60 -81.63 

EInjection  (mV) 1.06 2.10 3.09 4.06 

RAccess (MΩ) 6.6 6.9 7.1 7.4 

IAccess (nA) 0.14 0.30 0.45 0.62 

 

 

Comparing the estimated current due to injected ions and the estimated current 

due to the change of the contact condition with the measured current potential, we can 

obtain the graph as shown in Figure 37.  
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Figure 37. The linear fit of the measured current and estimated current against the injection volume. 

 

From the calculation, the change of the current drop due to the ion concentration 

change across the cell membrane during the injection (IAccess) is very small. Whilst the 

estimated current (ISeal) due to expansion of cell membrane increase significantly. 

We observe that the estimation of ISeal is closer to the experimental results of the 

total membrane current (Im), which is consistently proportional to the injection volume.  

 

4.5. Chapter Summary  

In the experiment, the amount of electrical current responses can be detected within 

several milliseconds per injection, and it was found to be a directly proportional 

relationship with the injected volumes of the solution into the cell at a pico-litre scale. 

The current drops are 4.40 ± 0.51 nA, 6.91 ± 0.50 nA, 8.46 ± 0.30 nA and 9.49 ± 0.57 

nA when the injection volumes are 4 pL, 8 pL, 12 pL and 15 pL, respectively. A linear 

relationship between the current due to expansion of cell membrane during 

microinjection has been found. We can conclude that the current change can be a 

reliable and fast response for monitoring the process of microinjection.  
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Chapter 5 Deep learning approach for cell 

detection and screening in patch clamp for 

electrophysiology  

To enhance the success rate and the efficiency of the patch clamp technique, 

APC with object detection of a unique and specific biological cell is highly desired with 

high accuracy and high throughput. However, the complexity and diversity in 

microscopic image data pose challenges for developing the intelligence image analysis 

and hence the high-throughput cell screening method [103][104]. Even though the 

computer vision analysis for bioimages can be the solution in the past for various 

applications, such as object detection, motion analysis or measurement of 

morphometric features [105][106][107], those software are not easy to reprogram, and 

the parameter tuning for specific biological assays is required. Consequently, manual 

software adaptions would be one of the major obstacles for most cell biological 

laboratories due to the limited knowledge about the mathematics behind the image 

analysis algorithms and a lack of expertise in software engineering [103]. Thus, 

machine learning superior to conventional computer vision methods can come to solve 

the complex dimensional data analysis tasks, because machine learning aims to provide 

a simple solution with learning processing rules from the own data rather than relying 

on manual adjustment of parameters or pre-defined processing steps [104][108].  

In the past, building a pattern-recognition or machine-learning system often 

required considerable domain expertise to design a feature extractor that can transform 

the raw data into a suitable internal representation or feature vector from which the 

recognition subsystem, often a classifier, could detect or classify patterns in the input; 

meanwhile, representation learning is a set of methods that allow a machine to be fed 

with raw data and to automatically discover the representations needed for detection or 

classification [78].  

Deep-learning methods are representation-learning methods with multiple 

levels of representation, obtained by composing simple but non-linear modules, each 

of which transforms the representation at one level starting with the raw input into a 

representation at a higher, slightly more abstract level [78]. In recent years, several deep 
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neural networks have been developed for object detection. A deep CNN is typically 

composed of several layers of convolution neural networks for feature extraction in 

order to identify the object piece-by-piece and pooling layers for downsizing input data 

to reduce memory usage, as shown in Figure 38 [109][110].  

 

 

Figure 38. Convolution neural networks (CNN) for cell detection [115]. 

 

Recent advances in this field are driven by the success of region proposal methods 

and region-based convolutional neural networks (e.g. R-CNNs) [111][112]. You only 

look once (YOLO) serial networks are typical models of the one-stage detection 

pipeline with the ability of precise object detection in real-time, and they are widely 

applied on natural scene detection, face detection and so forth [88]. Compared with 

two-stage networks, like Faster R-CNN, YOLO possesses the advantage of faster 

detection speed which benefits from no demand on building an additional network to 

generate proposal regions [86]. With the evolution of YOLO serials, the detection 

performance of the newest version is always better than that of the previous two 

versions [89].  Though YOLOV4 is the latest YOLO serial model and outperforms the 

three previous versions in precision, its complexity is the highest among the four 

models [91]. Therefore, considering the balance between model complexity and model 

performance, we have developed a modified model named CELL-YOLO on the basis 

of YOLOV3 for the detection of the unique biological cell in good condition at the 

current patch clamping setup in this study. In order to improve the ability of feature 

extraction of the object-detection-oriented backbone, dilated bottlenecks used in 

DetNet [113] are integrated into the backbone of CELL-YOLO. The effectiveness of 

our proposed model is thoroughly validated by experiments, and the performance is 

compared with that of YOLOV3 and YOLOV4. 
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This research project is internal collaborative research.  The CELL-YOLO 

model was designed and built by Mr Zhe Liu under the supervision of Prof. King Lai. 

The images were collected and labelled by Miss Yee Ching Wong and Miss Yee Lam 

Liu. Prof. King Lai suggested classifying the cell in three conditions and I have 

designed the criteria of three cell conditions. In this research, I have verified the model 

and re-constructed the database of the biological cells; I have trained the developed 

model of CELL-YOLO, YOLOV3 and YOLOV4 using the same set of databases for 

comparison and have measured the performance of the trained model in terms of mAP 

(mean average precision) and FPS (frames per second) for measuring the accuracy and 

the processing speed.  

 

5.1 CELL-YOLO for biological cell detection 

In this work, a modified model called CELL-YOLO is developed using 

YOLOV3 as a baseline for a specific task of selecting a suitable cell in good condition 

automatically for patch clamp and hence increasing the success rate and efficiency of 

this operation. CELL-YOLO detection pipeline includes data collection, model training 

and model testing, as shown in Figure 39.  
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Figure 39. Flow diagram of the development of CELL-YOLO of biological cell detection for automated patch 

clamp where nt, nv and ntest mean the number of images for training, validation, and testing, respectively. 

 

In this study, the biological cells are cultured with Dulbecco's Modified Eagle 

Medium (DMEM), 9% fetal bovine serum (FBS), and 1% Penicillin-Streptomycin-

Neomycin (PSN). Cell images and electrophysiology are conducted and collected by a 

traditional patch clamp system. In preprocessing, all images are cropped to the 

dimension of 416 × 416 × 3 for labelling processes and ground truth labels are produced 

by experts for model training and testing. Eventually, three datasets are built with 

dataset 1, dataset 2 and dataset 3, respectively. In these datasets, 90% of images are 

contributed to the training set, whereas 10% of the images in the dataset are contributed 

to the validation set. Dataset 1, 2 and 3 consists of 104, 306 and 612 images in the 

training set; and 12, 34 and 68 in the validation set, respectively. During model training, 

image augmentation is applied on each image randomly in every batch of the training 

set at each epoch to enrich the dataset for training. A separate set of cell images with 

81 images that is independent of Dataset 1, 2 and 3 has been allocated to the testing set 

for model testing. Each model was tested with the same testing set to compare the 

performance of trained models reasonably afterwards. 

The architecture and the building blocks of the CELL-YOLO network are shown in 

Figure 40 and Figure 41. The input of the model is an RGB image with the dimension 

of 416 × 416 × 3, and the outputs of the model are set with the specific dimension based 

on the size of the biological cell acquired during the patch clamp experiment under a 

microscope in this study. The dimensions of the two output layers are 13 × 13 × (5 + 

the number of cell classes) and 26 × 26 × (5 + the number of cell classes), respectively, 

in which smaller feature maps are responsible for detecting larger cells and vice versa. 

The meaning of each element in the output layer is the same. 
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Figure 40. The architecture of CELL-YOLO. 

 

Figure 41.  Building blocks of CELL-YOLO 

Six anchors are determined by k-means clustering over the training set of dataset 

3 as the YOLOV3 did. They are divided into two groups with equal amounts based on 

the selected area over the sliding window [89][90]. The algorithm of k-means clustering 

in CELL-YOLO is stated in Table 3. The group containing three small anchors is fixed 

at a large scale output layer, and another group containing three large anchors is fixed 

at small scale output layers. 

 

Table 3. Algorithm of k-means in CELL-YOLO 

Input training set of Dataset 3 

Output: 𝑘 prior boxes 
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Algorithm: 1. To give 𝑘 clustering centers (𝑊i, 𝐻i) ∈{1, 2 …, 𝑘}, where 𝑊i and 𝐻i 

are the width and height of anchor boxes. (As the location of anchor 

boxes is not fixed, there is no coordinate of (𝑥,), only the width and 

height.) 

2. Calculate the distance between each label box in the training set and 

each cluster center: 𝑑=1− 𝐼(𝑙𝑎𝑏𝑒𝑙 𝑏𝑜𝑥, 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 𝑐𝑒𝑛𝑡𝑟𝑒) 

by coinciding the centre of each label box with the cluster center. 

3. After all label boxes are allocated, the cluster centers are 

recalculated by  

𝑊𝑖
’ =

1

𝑁𝑖
∑w𝑖 and 𝐻𝑖

’ =
1

𝑁𝑖
∑h𝑖 

𝑁i is the number of label boxes in the 𝑖th cluster. 

4. Repeat steps 2 and 3 until there is no change of cluster center. 

 

 

 

As the backbone of YOLOV3 is more suitable for image classification tasks, a 

backbone that can be used for object detection is greatly desired in CELL-YOLO. 

Therefore, network structures (i.e., Block A and Block B, as shown in Figure 41) used 

in DetNet [26] is integrated into the backbone of CELL-YOLO for increasing the spatial 

receptive field of the feature extraction network. It replaces the last residual block of 

the backbone network of YOLOV3. For the remaining part of the backbone, the number 

of residual blocks does not change, but the number of layers in each block and the 

number of channels at each convolutional layer are reduced compared with YOLOV3. 

To tackle the imbalance of the number of different cell classes, the weighted 

class coefficient w(c) is added to the categorical loss of YOLO [23]. Ultimately,  

𝜆𝑐𝑜𝑜𝑟𝑑   ∑∑1𝑖𝑗
𝑜𝑏𝑗[(𝑥𝑖 − 𝑥𝑖̂)

2 + (𝑦𝑖 − 𝑦𝑖̂)
2]

𝐵

𝑗=0

𝑆2

𝑖=0

+ 𝜆𝑐𝑜𝑜𝑟𝑑   ∑∑1𝑖𝑗
𝑜𝑏𝑗

[(√𝑤𝑖 −√𝑤𝑖̂)
2

𝐵

𝑗=0

𝑆2

𝑖=0

+ (√ℎ𝑖 −√ℎ𝑖̂)

2

] + ∑∑1𝑖𝑗
𝑜𝑏𝑗
(𝐶𝑖 − 𝐶𝑖̂)

2
𝐵

𝑗=0

𝑆2

𝑖=0

+ 𝜆𝑛𝑜𝑜𝑏𝑗∑∑1𝑖𝑗
𝑛𝑜𝑜𝑏𝑗

(𝐶𝑖 − 𝐶𝑖̂)
2

𝐵

𝑗=0

𝑆2

𝑖=0

+∑1𝑖𝑗
𝑜𝑏𝑗

∑ 𝑤(𝑐) (𝑝𝑖(𝑐) − 𝑝𝑖̂(𝑐))
2

𝑐∈𝑐𝑙𝑎𝑠𝑠𝑒𝑠

𝑆2

𝑖=0

 

 

 

 

 

 

 

(5.1) 

 

w(c) is calculated on the basis of the concept of median-frequency-balancing [114] and 

is expressed as:  

 

      𝑤(𝑐) =
median (freq)

freq(c)
                                                         (5.2) 
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where c represents the class,  freq(c) represents the total number of boxes of class c 

divided by the number of all boxes in images that contain class c, and median(freq) 

represents the median value of the frequencies. 

 

In the loss function of CELL-YOLO as shown in Equation (5.1), the first and second 

terms represent localization loss of the coordinates and dimensions of the bounding box 

relative to an image, the third and fourth terms represent confidence loss of image with 

an object and no object, and the last term represents classification loss.  The localization 

loss reflects if the model can detect an object within the bounding box, 1𝑖𝑗
𝑜𝑏𝑗

 equals to one 

if there is an object in the jth box at ith grid cell,  1𝑖𝑗
𝑛𝑜𝑜𝑏𝑗 equals to one if there is no object 

in the jth box at ith grid cell. In the last term of the classification loss, the weighted 

coefficient is added to the sum of errors for all the classes probabilities of 49 boxes in 

an image. 

 

5.2 Data collection and labelling for training dataset 

In this study, images were collected using a digital camera with a microscope during 

the patch clamp experiment. The cells in the images are divided into three classes, 

namely ‘suitable’, ‘acceptable’, and ‘unsuitable’. Representative examples are shown 

in Figure 42. It should be noted that accumulated cells, overlapping cells, cells with 

totally irregular cell bodies, suspended cells, and dead cells are not labelled because 

they are certainly not suitable for the electrophysiological recording. Moreover, the cell 

is not labelled if over half of the cell body was out of the image. Therefore, only cells 

with recognizable cell bodies and axons are labelled. 

  

 

Figure 42. Examples of three classes of cells. (a) Suitable cell (b) acceptable cell (c) unsuitable cell. 
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A cell labelled as ‘suitable’ means that it can be patched successfully. Cells that 

have the ideal shape and appearance for patch clamp are labelled to this class. In this 

class, cells must have strong axons about or longer than the length of the cell body but 

not over 2 times the length of the cell body. The axons are grown from two sides of the 

cells and are continually attached to the surface of the coverslip. This type of axon is 

crucial to show that the cell is fully developed as an adherent cell and can firmly attach 

to the coverslip. Apart from the axon, the ideal cell should have a clear and rigid cell 

body that is often round and ellipse. The centre of the cell body is considered the easiest 

position to be patched. If the cell body is clear, the patching position can be identified, 

and the success rate of patching and break-in will be increased.  In addition, the ideal 

cell should have a good health condition which can be known from the observation of 

a clear cell membrane. A clear cell membrane indicates the integrity of a healthy cell 

and shows that the whole structure of the cell would not be easily destroyed by the 

contact of the micropipette and the negative pressure applied during the Gigaseal 

process. Besides, the patch clamp recording can be affected by the distribution of the 

cell. In an ideal case, the target cell should be grown solely and hence the recoding 

signal was not influenced by the cells nearby.   

 

A cell labelled as ‘unsuitable’ means that it cannot be patched successfully. 

Cells that should not be selected for Patch clamp are classified into this class. Cells with 

an unclear cell body and axons are categorized as "unsuitable" because they represent 

unhealthy and weak cells. Cells with an unclear cell membrane are also categorized to 

this class because the cell at this stage is nearly dead. Consequently, it is easy to damage 

the cell membrane even when we carefully control the tip of a micropipette to approach 

the cell when conducting a patch clamp experiment. This situation often happens on the 

patched cells and cells which have been immersed in the extracellular solution and 

outside of the incubator for more than an hour.  

 

The final class is ‘acceptable’, which is the condition between “suitable” and 

“unsuitable”. Some cells that can be selected to perform patch clamp with uncertainty 

can be classified into this class. In this class, cells may not be entirely adhesive to the 

coverslip. One of the features is that the cell body is perfectly round while the axons 
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are still ideally grown. Another situation is that the length of one axon is too short, as 

shown in Figure 42 (b). When the cell is not attached firmly, the cell might be leaving 

the surface due to the negative pressure or the small movement of the micropipette. 

This led to the breaking of the sealing between the micropipette and the cell membrane. 

Ideally, the target cell is grown solely, but it is difficult to control the distribution of the 

cells. In many cases, the axon of the target cell is connected to the other cells. Therefore, 

it is acceptable to carry out the patch clamp recording with the connected cells. 

However, it is crucial to ensure no cell overlapping with the target cell so that the 

patching is only conducted on a single healthy cell. In some unusual cases, the cells 

grow three axons. The shape of the cell body may become triangular. If the cell body 

is still clear and one of the axon lengths is long, the cell can still be classified as 

“acceptable”.  

 

5.3 Data augmentation of biological microscopic images  

Data collection depends heavily on the manual work of researchers, and it is time-

consuming. A patch clamp experiment usually takes 2 hours, but less than 20 images 

can be collected, limiting the data available for analysis. To enhance the richness of the 

dataset and improve the generalization ability of the deep learning model, several data 

augmentations are carried out before feeding training data to the CELL-YOLO during 

each training epoch. 

 

5.3.1 Random image rotation  

Random image rotation was used for image augmentation in this task. The original 

images were rotated by 90°, 180°, 270° and mirrored subjected to equal probability. A 

random value r subjected to zero to one uniform distribution was generated. The 

rotation angle was defined into four actions according to the random value r of Equation 

(5.3). Figure 43. Examples of image rotation. (a) original image (b) mirrored image (c) 

rotated by 180° (d) rotated by °270° (e) rotated by 90°. Figure 43 below illustrates the 

results of the random image rotation operation. 
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𝑟 𝜖

{
 

 
          [0.0, 0.25)  𝑟𝑜𝑡𝑎𝑡𝑒𝑑 𝑏𝑦 90𝑜

            [0.25, 0.5)  𝑟𝑜𝑡𝑎𝑡𝑒𝑑 𝑏𝑦 180𝑜

             [ 0.5, 0.75)  𝑟𝑜𝑡𝑎𝑡𝑒𝑑 𝑏𝑦 270𝑜

[0.75, 1.0)  𝑚𝑖𝑟𝑟𝑜𝑟𝑒𝑑

             (5.3) 

 

 
Figure 43. Examples of image rotation. (a) original image (b) mirrored image (c) rotated by 180° (d) rotated by 

°270° (e) rotated by 90°. 

 

5.3.2 Random image resize 

Another method of image augmentation in this study is to randomly resize the 

training images to adapt the input of the network on different scales. Suppose the 

original image size is h × w, three random values denoted by r1, r2, r3, subjected to from 

zero to one uniform distribution were generated separately. Then, two proportional 

parameters, p1 and p2, were generated by (5.4) and (5.5), a, b, c, and d were augments 

that need to be set according to specific tasks. In cell detection task, a=1.3, b=0.7, 

c=0.25, d=2 was set manually. In (5.6) and (5.7), the new height (hn) would be equal 

to the integer part of p2 × h, and the new width (wn) would be equal to the integer part 

of p1 × nh.) if p1 was less than 1. If p1 is more than or equal to 1, the new width (wn) 

would be equal to the integer part of p2 × w, and the new height (hn) would be equal to 

the integer part of nw / p1. This image augmentation could facilitate the network to 

adapt to objects with different scales. Figure 44 below shows the illustration of the 

results of image random resize. 

 

p1 =
𝑤

ℎ
 ∙
𝑟1(𝑏 − 𝑎) + 𝑎

𝑟2(𝑏 − 𝑎) + 𝑎
 

(5.4) 
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p2 = 𝑟3(𝑑 − 𝑐) + 𝑐 (5.5) 

𝑁𝑒𝑤 𝐻𝑒𝑖𝑔ℎ𝑡, ℎ𝑛 = {

p2  × ℎ  𝑖𝑓 𝑝1 < 1 
𝑛𝑤

𝑝1
  𝑖𝑓 𝑝1 ≥ 1 

 

(5.6) 

𝑁𝑒𝑤 𝑊𝑖𝑑𝑡ℎ, 𝑤𝑛 = {
 𝑝1  ×  𝑛ℎ 𝑖𝑓 𝑝1 < 1 
p2  × 𝑤  𝑖𝑓 𝑝1 ≥ 1 

 
(6.7) 

 

 
Figure 44. Examples of image random resize. (a) original image (b) resized image. 

 

5.3.3 Colour jittering 

Usually, the colour of the image is digitalized by the RGB values, which are the 

red, green, and blue values of every pixel in the image. In RGB colour space, the RGB 

values are influenced interactively even when one of the RGB values is changed. 

Therefore, it is difficult to control the consistency of the images after colour jittering 

using RGB values. Considering the manoeuvrability of individual colour values, HSV 

colour values consisting of hue, saturation and value is an alternative. In HSV colour 

space, the hue, saturation, and the values of the original image can be randomly changed 

separately and independently with no impact on other values. To jitter the colour of 

images, the colour values of every pixel in an image was first converted from RGB to 

HSV. Suppose the original values of hue, saturation and value denoted by hue, sat, and 

val were set to 0.1, 1.5 and 1.5. Then, the new values of hue, sat, and val will be 

generated by Equations (5.8), (5.9) and (5.10).  

 

                             ℎ𝑢𝑒∗ = 𝑟𝑎𝑛𝑑 (−ℎ𝑢𝑒, ℎ𝑢𝑒) (5.8) 

𝑠𝑎𝑡∗ = {

   𝑟𝑎𝑛𝑑(1, 𝑠𝑎𝑡)        𝑖𝑓 𝑟 < 0.5 

  
  1

 𝑟𝑎𝑛𝑑(1, 𝑠𝑎𝑡)
      𝑖𝑓 𝑟 ≥ 0.5

 

(5.9) 

𝑣𝑎𝑙∗ = {

 𝑟𝑎𝑛𝑑(1, 𝑣𝑎𝑙)          𝑖𝑓 𝑟 < 0.5 

   
  1

 𝑟𝑎𝑛𝑑(1, 𝑣𝑎𝑙)
       𝑖𝑓 𝑟 ≥ 0.5

 

(5.10) 
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where r is a random number subjected to from zero to one uniform distribution. 

𝑟𝑎𝑛𝑑(𝑚, 𝑛 ) is a random number generator that can generate a number subjected to 

uniform distribution from m to n. After colour jittering, the colour values of every pixel 

in an image will be converted from HSV to RGB, and hence new images were generated 

after randomizing the HSV values of images. The results of different tuning of HSV 

colour jittering are shown in Figure 45.  

 

 

 

Figure 45. Examples of colour jittering: (a) original image; (b) hue-tuned image; (c) saturation-tuned image and 

(d) value-tuned image.  

 

5.4 Loss curves of CELL-YOLO 

The CELL-YOLO was trained and tested on an NVIDIA GTX machine with 

four GPUs of V100 Tesla. To test the learning ability of CELL-YOLO, the model was 

trained with 104, 306, 612 images, then validated with 12, 34 and 68 images, and hence 

generated the three-trained models denoted by CELL-YOLO104, CELL-YOLO306and 

CELL-YOLO612. As shown in Figure 46, loss curves of CELL-YOLO104, CELL-

YOLO306and CELL-YOLO612 were plotted to indicate the training processes during 

training.  
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(a) 

 

(b) 

 

(c) 

 

(d) 

Figure 46. Loss curves of CELL-YOLO model. (a) Loss curves of CELL-YOLO104. (b) Loss curves of CELL-

YOLO306. (c) Loss curves of CELL-YOLO612. (d) Training loss curves of three models of CELL-YOLO104, CELL-

YOLO306 and CELL-YOLO612. 

 

Based on the above, the final losses of the above three models are summarized 

in Table 4. The training loss of CELL-YOLO104, CELL-YOLO306and CELL-YOLO612 

became steady at 33.28, 23.25 and 22.17 at the final stage of training which converged 

up to around 300, 350 and 400 epochs during training. The steady loss values were 

acquired by averaging the last 50 loss values of each model during training.  

 

Table 4. The training loss of CELL-YOLO104, CELL-YOLO306and AND CELL-YOLO612 

 CELL-

YOLO104 

CELL-

YOLO306 

CELL-

YOLO612 

Steady Training Loss 33.28 23.25 22.17 

Steady Validation Loss 36.09 26.51 22.98 
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5.5 Detection results and mAP of CELL-YOLO  

The trained three models were tested with the same set of another 81 images to verify 

the detection performance.  Figure 47 visualizes the testing results of CELL-YOLO for 

detecting cells in images acquired under the microscope. The ability of cell detection 

was enhanced when the size of our database for training was increased, as shown in 

Figure 47. The model trained with 104 images can detect the suitable and acceptable 

cells accurately but has no response to the unsuitable cell. After increasing the data size 

to 306 images, the model responded to unsuitable cells but wrongly recognised the 

unsuitable cells to be the acceptable cells. Further increasing the data size to 612 images, 

the model can accurately detect and distinguish all cell classes. Table 5 shows the mean 

average precision (mAP) and average precision (AP) of each class of the three models 

based on IoU =50%. These selected performance metrics are the standard metric of the 

COCO dataset and have been widely used in previous studies on object detection [115]. 

According to Figure 47, the performance of the CELL-YOLO model was enhanced by 

increasing the data size of the training set. 

 

 

Figure 47. Examples of detections results of the biological cells using the three-trained models. The blue bounding 

box indicated “Suitable cells” detection. The green bounding box indicated “Acceptable cells” detection. The Red 

bound box indicated “Unsuitable cells” detection. 

 

Table 5. mAP and AP of three classes of cells 

 CELL-

YOLO104 

CELL-

YOLO306 

CELL-

YOLO612 

mAP 14.76 21.43 35.65 
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AP of suitable cells  14 18 25 

AP of acceptable cells  17 32 42 

AP of unsuitable cells  14 14 40 

 

To evaluate the effectiveness of the reweighted coefficient due to the class to 

the categorical part of the loss function as shown in Equation (5.2), the performance of 

CELL-YOLO612 is compared between with and without the reweighted coefficient. In 

this comparison, AP based on IoU=50% is still be chosen as the metric. In Table 6, the 

AP of suitable cells and the AP of acceptable cells of the model with the reweighted 

coefficients were increased by 7% and 1%, respectively, even though the AP of 

unsuitable cells was decreased by 4%. The results indicated that adding the reweighted 

coefficient in the loss function of CELL-YOLO612 could certainly weaken the negative 

effects of class imbalance. 

 

 

 

 

 

 

 

 
Table 6. Performance comparison between the class-reweighted version and non-reweighted version of the CELL-

YOLO612 model 

  
Class-reweighted 

version 

Non-reweighted 

version 

mAP 35.65 34.22 

AP of suitable cells 25 18 

AP of acceptable cells 42 41 

AP of unsuitable cells 40 44 

 

 

5.6 Comparison with YOLOV3 and YOLOV4  

To demonstrate the superiority of the CELL-YOLO612, its performance was 

compared with the baseline model, YOLOV3 and the latest mode of the YOLO series, 

YOLOV4. The comparison indexes include mAP50 that mean average precision (mAP) 

is calculated with IoU = 50%; mAP75 that mAP is calculated with IoU = 75%; and the 

processing speed in terms of frame per second (FPS). To make the comparison 

reasonable, the largest scale output of YOLOV3 was removed, and it was trained on 
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the same training set. Besides, the reweighted coefficients of categorical loss were 

added to the loss function of YOLOV3 and YOLOV4. The comparison indexes of 

CELL-YOLO612, YOLOV3 and YOLOV4 have been summarized as shown in Table 7. 

Table 7 show, Even if the network’s scale was smaller than YOLOV3 and YOLOV4, 

the mAP50, mAP75, and FPS of CELL-YOLO612 are higher than YOLOV3 and 

YOLOV4, which indicated that the proposed CELL-YOLO612 has higher accuracy and 

faster detection speed, and it is very suitable for biological cell detection under the 

limited amount of training set. Moreover, the FPS value indicated the detection speed 

of CELL-YOLO612 is 30, which is sufficiently high for the real-time application of the 

automated patch clamp, by taking consideration of the traditional video speed from 24 

FPS to 30 FPS and the limit of human vision from 30 FPS to 60 FPS [116].  

 

Table 7. Performance comparison between CELL-YOLO and YOLOV3 

 mAP50 mAP75 FPS 

CELL-YOLO612 35.65 21.26 30 

YOLOV3 33.17 17.22 21 

YOLOV4 34.19 20.29 20 
 

 

Figure 48 shows the detection results of CELL-YOLO612 and YOLOV3 and 

YOLOV4 for the same set of images in a visual way. The first row shows that CELL-

YOLO612 could accurately detect the acceptable cell, but YOLOV3 detected the same 

object as different classes. At the same time, YOLOV3 and YOLOV4 both detected a 

cell that is not entirely shown in the image, as an unsuitable cell in image 1. The second 

row shows that CELL-YOLO612 can accurately detect suitable and unsuitable cells, but 

YOLOV3 selected a cell that is not shown entirely in the image and classified a suitable 

cell as an acceptable cell, and YOLOV4 missed a suitable cell during detection. The 

third row shows that CELL-YOLO612 could accurately detect suitable and unsuitable 

cells, but YOLOV3 wrongly classified a suitable cell as acceptable. In addition, 

YOLOV4 missed the unsuitable cell even though it can detect the suitable cell correctly 

in image 3.  
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Figure 48. Detection results of CELL-YOLO612, YOLOV3 and YOLOV4. The blue bounding box indicates 

“Suitable cells” detection. The green bounding box indicates “Acceptable cells” detection. The Red bound box 

indicates “Unsuitable cells” detection. 

 

5.7 Chapter summary 

We have proposed the CELL-YOLO model to automatically select a suitable 

cell for the patch clamp experiment. The target cells are labelled in three classes in the 

training data collection: suitable, acceptable, and unsuitable. The model has been 

trained using this dataset with three different data sizes, and hence three trained models 

have been generated.  The validation losses of CELL-YOLO104, CELL-YOLO306 and 

CELL-YOLO612 are 36.09, 26.51 and 22.98, which converged to around 300 epochs or 

more. The performance of CELL-YOLO612 is the best among the three models, with 

the smallest loss for the specific application of cell detection for reducing the 

operational challenge of the patch clamp technique. Compared with our reference 

models (YOLOV3 and YOLOV4), CELL-YOLO612 has the highest accuracy and 

shortest processing time: the mAP50, mAP75 and FPS of CELL-YOLO612 are 35.65, 

21.26, and 30. The results show that the proposed AI method can be beneficial to the 

development of an automated patch clamp system for single cell analysis soon. 
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Chapter 6 Electrophysiological study of neural 

stem cells (NSC) differentiation  

Neurodegenerative diseases have become a public health threat, especially in 

the region with the population ageing problem. Parkinson’s disease (PD) is a brain 

disorder that leads to shaking and difficulty with walking, balance, and coordination. 

PD can arise from the degeneration of dopamine (DA) neurons in the region of 

substantia nigra (SN) in the basal ganglia of the brain. Stem cell therapies and cell 

transplantation are considered possible solutions for replacing damaged DA cells in the 

SN. To work toward the above application, we have a collaboration project led by the 

Department of Biology from Hong Kong Baptist University (HKBU) for the 

development of the neural stem cells by differentiation of the induced pluripotent stem 

(iPS) cells into NSC using the biocompatible extracellular matrices (ECMs) substrates, 

that are silica nonozigzags (NZs) and left-handed nanohelices (L-NHs), fabricated by 

the research group from Department of Physics from HKBU. Figure 49 shows the nano-

structure of NZs substrate and L-NHs substrate 

 

 

Figure 49. The nano-structure of the extracellular matrix (ECM). The red box shows the L-NHs. The blue shows 

the NZs [121]. 

   

 To verify the feasibility of differentiating stem cells into neural stem cells (NSC) 

in vitro on various biocompatible extracellular matrices (ECMs), including silica 

nonozigzags (NZs), left-handed nanohelices (L-NHs) and typical glass slip as a control 

(CTR), 
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In this project, I was responsible for measuring the electrophysiological 

behaviours of iPS cells and hence verifying if the iPS cells have any neuronal activities 

by applying the developed patch clamp technique. Besides measuring the voltage-gated 

current response of the cell grown on NZs, I measured the response of the cell grown 

on L-NHs and a typical glass coverslip as the control (CTR) for comparison.  In addition, 

the study for verifying if the zigzag pitch (Pz) is one of the key structural parameters of 

NZs substrate related to the induced organisation of NSC. There were three derivatives 

for the substrate of NZs, namely NZsP100, NZsP160 and NZsP250, respectively. 

Furthermore, we studied if another factor, day after plating (DAP), would affect the 

differentiation of iPS cell into NSC by measuring the signal firing and the ion channel 

activities using the current clamp and voltage clamp, respectively. 

 

6.1 Materials and methodology of patch clamp recording 

for NSCs 

Patch clamp is an electrophysiological technique to record the ion channel 

activities of neurogenic-induced stem cells. The whole-cell voltage clamp is used to 

record the total ion flow of an entire cell in response to voltage stimuli. During the 

recording, the adherent cell with a substrate is bathed with the extracellular solution 

inside a petri dish placed on an inverted microscope (Model: Eclipse Ti from Nikon, 

Tokyo, Japan).  Inward and outward currents are recorded in the whole-cell voltage 

clamp configuration with an Axopatch 200B patch clamp amplifier, a Digidata 1440A 

data digitalizer and pClamp 10.7 software (all from Molecular Devices, Sunnyvale, CA, 

USA). Data are sampled at 50 kHz with low-pass filtered at 5 kHz. The extracellular 

solution is prepared using 160 mM NaCl, 4.5 mM KCl, 1 mM MgCl2, 2 mM CaCl2, 5 

mM of glucose, and 10 mM of HEPES with pH adjustment to pH 7.4 using NaOH. The 

intracellular solution is prepared using 75 mM KCl, 10 mM NaCl, 70 mM KF, 2 mM 

MgCl2, 10 mM HEPES, and 10 mM EGTA with pH adjustment to pH 7.2–7.4 using 

KOH. 
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6.2 Current response detection of differentiated NSC on 

different ECM using voltage clamp recording 

 

The voltage clamp recording shows that both inward and outward ionic current 

of the cells grown on the substrate of NZs can be significantly elicited in response to 

the step voltage stimuli from -80 mV to 100 mV (Figure 50(a)). We found the Na+ ion 

channel activities indicated by fast inward current peaking at -10 mV and the K+ ion 

channel activities indicated by a slow and sustainable outward current peaking at 100 

mV, as shown in Figure 50(b). This result indicates a range of activation like voltage-

activated sodium currents of neuron cells.  

 

 

Figure 50. The current response of stem cells grown on NZs. (a) in full scale; (b) between 5 ms to 10 ms. 

 

The voltage clamp recording has also been conducted using the iPS cell grown 

on L-NHs and CTR for comparison. Figure 51 shows the cell morphology is quite 

similar when they grew on CTR, L-NHs and NZs, respectively. For each recording, we 

converted the current amplitude per unit cell capacitance (proportion to cell surface area) 

to be peak current densities and then plotted against the step voltages stimulus to 

produce an IV graph. We conducted the voltage clamp recording at six cells for each 

substrate and summarised the results by using the average and derivatives in one IV 

graph, as shown in Figure 52. For comparison, we combined the three IV graphs into 

one IV graph, as shown in Figure 53.  
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Figure 51. Microscopic image of the iPSC on CTR, L-NHs and NZs during the patch clamp recording. 

 

 

Figure 52. Peak current density against voltage stimulus of the cells grown on different substrates, the left shows 

the IV graph of the cell on CTR, the middle shows the IV graph of the cell on L-NHs, and the right shows the IV 

graph of the cell on NZs.  

 

 

Figure 53. A summary of peak current density against voltage stimulus of the cells grown on different substrates  

 

The current response of the stem cells grown on NZs showed the highest inward 

current and outward current value, similar to the fast Na+ current and delayed rectifier 

K+ currents in neurons. In contrast, the inward current of the stem cell grown on L-NHs 

and the control were not as obvious as the stem cell response on NZs.  
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Furthermore, the iPSC cells were grown on the derivative substrates of NZs, as 

shown in Figure 54. There are three derivatives for the substrate of NZs, namely NZsP100, 

NZsP160 and NZsP250, which zigzag pitches (Pz) are 100 nm, 160 nm, and 250 nm, 

respectively. Figure 55 shows that both inward current and outward current elicitation 

happened on the cells grown on NZsP160 and NZsP250. We conducted the voltage clamp 

recording at six cells for each substrate and summarised the results by using the average 

and derivatives in one IV graph, as shown in Figure 55. For comparison, we combined 

the three IV graphs into one IV graph, as shown in Figure 56. Figure 56 shows that the 

highest peak current density was found from the cell on NZsP250 substrate, but the curve 

of inward current density is not smooth, which implicates the cell may not be in a 

healthy condition. Hence, we concluded that the optimal pitch Pz could range from 160 

nm to 250 nm. Twelve cells were recorded on each substrate when DAP is between 8 

DAP and 18 DAP (days after plating). Therefore, we measured the ion channel 

activities and signal-firing of another 12 cells on each substrate for three different DAPs.    

 

 

Figure 54. Microscopic image of the iPSC on NZsP100, NZsP160 and NZsP250 during the patch clamp recording 

 

 

 

Figure 55. Peak current densities against voltage stimulus of the cells grown on three derivatives for the substrate 

of NZs: NZsP100 (left), NZsP160 (middle), and NZsP250 (Right) 
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Figure 56. A summary of peak current densities against voltage stimulus of the cells grown on three derivatives for 

the substrate of NZs 

 

6.3 Firing results of NSCs with differentiation time of 

days after plating (DAP) on NZsP165 

In the microscopic pictures (Figure 57), the growth of NSCs showed the gradual 

growth of dendrites from 8 DAP to 18 DAP during the differentiation [117]. These data 

indicated that NSCs can be induced to display more mature neuronal characteristics 

when the differentiation time is longer until 18 DAP. Moreover, the mature neuronal 

characteristics can be observed through the firing signal of NSCs. The firing of a neuron 

is driven by the opening of increasing numbers of voltage-gated sodium ion channels 

and the entry of sodium ions into the cell [118]. After an action potential occurs, the 

cell membrane will rapidly repolarize to its resting membrane potential with the 

opening of increasing numbers of voltage-gated potassium ion channels and the entry 

of potassium ions [118]. I applied 400-ms wide square-shaped current pulses from 20 

pA to 80 pA with 20 pA increments. The pulses induced three action potentials 

responses under three development stages: 8 days after plating (DAP) on NZsP165, 14 

DAP and 18 DAP (Figure 58). 5 DA cells were measured in each development stage in 

each development stage, and 3 development stages were investigated in each trial. The 

experiments were repeated 3 times.  At 8 DAP, one firing was observed at the beginning 

of the current pulse application at all current pulse applications.  At 14 DAP and 18 
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DAP, more firings were observed. At 14 DAP, there are 3 to 4 firings at the beginning 

of 90-ms at 60 pA and 80 pA, while 1 firing happened at the beginning of 90-ms at 20 

pA and 40 pA. At 18 DAP, there are 18 to 19 firings at the beginning of 90-ms at all 

given current application. In addition, the amplitude of the action potential firing 

increases gradually when the amplitude of the current application increases. The results 

of the DA neurons at 18 DAP agreed with other research groups, which found the 

matured dopaminergic neurons with typical pace-making spike train from 20 pA to 60 

pA with 20 pA increment [119]. It also agrees with induced dopamine neurons' action 

potential firing characteristics [120].   

In addition, the NSCs of 18 DAP has the highest outward current flow and 

inward current flow under the voltage stimulus from -60 mV to +40 mV with 10 mV 

increment as shown in Figure 59 and Figure 60. The outward current flow is the 

potassium ion channel activities, while the inward current flow is the sodium ion 

channel activities. Both potassium ion channel activities following sodium ion channel 

activities are typical neuronal characteristics. The peak inward current flows are -0.60 

nA and -1.12 nA, and -1.40 nA, while the peak outward current flows are 0.44 nA, 1.01 

nA and 1.94 nA at 8 DAP, 14 DAP and 18 DAP, respectively. The data revealed that 

the dopamine neuronal characteristic is more mature when the differentiation time is 

longer until 18 DAP.    

                                                   

      

Figure 57. Microscopic image of a NSC on NZsP165 under three different development stages: 8 days after plating 

(DAP) on NZsP165, 14 DAP and 18 DAP. 
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Figure 58. Representative traces of membrane potential of a NSC responding to step depolarization were recorded 

by the current clamp under three different development stages: 8 days after plating (DAP) in coverslips, 14 DAP 

and 18 DAP. 

 

 

Figure 59. Representative traces of voltage-dependent sodium currents in an induced NSC Membrane potential was 

initially held at -90 mV and incrementally increased from -60 to +40 mV in 10 mV depolarizing steps 

 

 

 
Figure 60. Current-voltage curve of current recording under voltage stimuli. Upper: current-voltage curve of 

outward current (Potassium current). Lower: current-voltage curve of inward current (Sodium current). 
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6.4 Chapter summary 

In this study, both voltage clamp recording and current clamp recording of 

patch clamp techniques have been applied to record the electrophysiological 

behaviours of stem cells grown on ECMs to check if any neuronal activities can be 

recorded and hence verify if stem cells can be differentiated into neural stem cells 

(NSC). Silica nonozigzags (NZs) is a more effective substrate than left-handed 

nanohelices (L-NHs) and typical glass slip. Among three derivatives of the substrate 

of NZs, namely NZsP100, NZsP160 and NZsP250, which Pz = 100 nm, 160 nm, and 250 

nm, the current response of NSC on NZsP250 give the largest current response under 

the same set of voltage stimuli. Furthermore, using NZsP250 as a substrate, the 

morphology of the living cells in which dendrites have been developed at 14 DAP 

and 18 DAP, and the signal firing is the most significant at 18 DAP.    
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Chapter 7  Conclusions and Future Works 

7.1 Conclusions  

The research project aims to develop an effective patch clamp technique for both ion 

channel activities recording and cell cytoplasmic microinjection monitoring, for both 

cell lines and stem cells, a label-free cell detection using deep learning small adherent 

cells. The cell microinjection method not only can give reliable and spontaneous 

feedback when the target solution is injected, but also can verify the cell viability after 

the microinjection. In addition, cell identification using deep learning is designed to 

identify the cell condition before the patch clamp technique and hence enhance the 

success rate of the patch clamp recording.  

 

To conclude, we developed a microinjection process with current feedback using the 

patch clamp technique for small and non-spherical living cells, developed an equivalent 

electrical model and equivalent circuit for monitoring the real-time response during the 

microinjection and verifying the viability of the cells after the microinjection, 

developed a deep learning approach to automatically select healthy biological cells 

during the patch clamp recording process and hence enhance the success rate of the 

electrophysiological recording, and applied both voltage clamp recording and current 

clamp recording of patch clamp techniques to record the electrophysiological 

behaviours of induced pluripotent stem cells grown on biocompatible extracellular 

matrices to confirm if neuronal stem cells have been successfully developed. 

 

7.2 Future works 

Since the development of deep learning technology is tremendous, I believe the 

biomedical application of deep learning can have many opportunities. For the patch 

clamp operation, many cell lines having subtle features led to the challenges of cell 

hunting operation. After this work, this research can be extended to other types of cell 

lines besides SHSY-5Y and HEK-293 that were used in these studies. Using the 

developed technique, our research group can load various drugs into intracellular 
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solutions for injection to achieve specific biomedical functions. Besides the patch 

clamp operation, the cell identification using deep learning can be applied to the 

injection operation. Lastly, we can apply deep learning methods to study the 

electrophysiological behaviour besides the cell morphology of cells.  
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