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Abstract14

Nanopipette-based observation of intracellular biochemical processes is an important ap-15

proach to revealing the intrinsic characteristics and heterogeneity of cells for better investiga-16

tion of disease progression or early disease diagnosis. However, the manual operation needs17

a skilled operator and faces problems such as low throughput and poor reproducibility. This18

paper proposes an automated nanopipette-based microoperation system for cell detection, three-19

dimensional non-overshoot positioning of the nanopipette tip in proximity to the cell of interest,20

cell approaching and proximity detection between nanopipette tip and cell surface, cell penetra-21

tion and detection of the intracellular reactive oxygen species (ROS). A robust focus algorithm22

based on the number of cell contours was proposed for adherent cells, which have sharp peaks23

while retaining unimodality. The automated detection of adherent cells was evaluated on human24

umbilical cord vein endothelial cells (HUVEC) and NIH/3T3 cells, which provided an average25

of 95.65% true positive rate (TPR) and 7.59% false positive rate (FPR) for in-plane cell de-26

tection. The three-dimensional non-overshoot tip positioning of the nanopipette was achieved27

by template matching and evaluated under the interference of cells. Ion current feedback was28

employed for the proximity detection between the nanopipette tip and cell surface. Finally, cell29

penetration and electrochemical detection of ROS were demonstrated on human breast cancer30

cells and zebrafish embryo cells. This work provides a systematic approach for automated in-31

tracellular sensing for adherent cells, laying a solid foundation for high-throughput detection,32

diagnosis, and classification of different forms of biochemical reactions within single cells.33
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1 Introduction34

Measurements of intracellular biochemical processes play a significant role in quantitatively under-35

standing the fundamental biological process or cellular heterogeneity in various physiological and36

pathological conditions [1]. Recent evidence has shown that reactive oxygen species (ROS) play37

crucial roles in multiple biological processes, including ion transport, signal transduction, cell pro-38

liferation, apoptosis induction, etc [2]. Various intracellular ubiquitous chemical factors such as39

pH, Ca2+, and ROS have been recognized to have a significant association with the initiation and40

progression of tumors [3, 4]. With the steadfast advance of synthetic biology, monitoring intracel-41

lular signals has enabled scientists to elucidate the mechanism of ion homeostasis and signaling,42

facilitating the use of genetically engineered cells for the development of innovative therapeutics [5].43

In the past decades, the increasing availability of sophisticated analytical techniques has expanded44

the routes for cell exploration [6–9]. Several analytical techniques have emerged to achieve single-cell45

intracellular sensing, including fluorescence-based spectroscopy/microscopy [10], dark-field scattering46

microscopy [11], surface-enhanced Raman spectroscopy [12], and nanopore/nanoelectrode sensing47

[13, 14]. Fluorescence imaging is widely used for subcellular visualization for revealing subcellular48

processes [15]. However, fluorescent probes are prone to disturb the physiological state of the cells49

due to cytotoxicity and photobleaching/blinking over long timescales [16]. Meanwhile, the number50

of live-cell-permeant fluorophores that are available to perform intracellular sensing is still limited.51

Nanopipette-based electrochemical sensing provides an alternative to fluorescence-based assays by52

label-free and nondestructive measurement of the intracellular chemical reactivity of the target53

species [17]. Due to the small size of the tip, the damage to a single cell is minimal. Nanopipette-54

based electrochemical biosensing has enabled the detection of subcellular processes and intracellular55

molecules with high sensitivity and spatial resolution because of the limited space at the tip of the56

nanopipette [18]. Besides, the versatility in the surface chemical modification to the nanopipette has57

increased the stability, safety, efficiency, and diversity of the detected species [19, 20]. However, the58

manually targeted intracellular electrochemical sensing for single cells is limited in efficient probing59

of subcellular processes of the heterogeneous cell populations. In addition, the manual intracellular60

microoperation is time-consuming and has low repeatability and throughput. Hence, automated and61

high-throughput sensing systems are of scientific interest to probe intracellular processes with high62

statistical importance.63

Robotic cell manipulation technologies focusing on suspended cells have been developed over64

the recent years [21–26]. Compared to the suspended cells, cell detection and other automated65

microoperations are difficult for adherent cells since they are smaller and irregularly shaped [27, 28].66

Till now, several groups have achieved semi-automated high-throughput microinjection for adherent67

cells. By using the semi-automated microinjection systems, both the microinjection pipette and68

microscope stage are motorized, and microinjection on localized sites is realized by computer mouse69

clicking [28, 29]. However, manual cell identification (without cell detection capabilities) is still70

tedious to obtain sufficient data of statistical significance. Pan et al. designed a fully automated71

high-productivity microinjection system with the capability of cell detection based on fluorescence72

imaging [30]. However, the fluorescence imaging may lead to cell damage and introduce disturbance73
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to intracellular electrochemical sensing.74

Efficient automatic cell targeting and nanopipette tip positioning have been the main features for75

the development of fully automated microoperation systems. Dewan et al. achieved cell detection76

based on the k-means clustering method [27]. Patino et al. realized nuclei location by a fully77

convolutional network [31]. The performance of these cell detection algorithms strongly depends on78

clear cell features in the images. Generally, defocusing will increase the grayscale difference between79

foreground (cells) and background by reducing the high-frequency components of the image, thus80

simplifying the cell detection [32]. However, the defocused plane determined by experience cannot81

ensure the maximum difference between foreground and background, leading to a poor cell detection82

rate. On the other hand, automatically locating the tip of the nanopipette is critical to avoid any83

damage to the tip. Youoku et al. [33] and Liu et al. [34] utilized curve fitting algorithm and quadtree84

recursive algorithm as search strategies to automatically focus the tip of the micropipette. However,85

both methods require a long moving distance and are prone to tip damage when the tip is driven86

to the focused plane of adherent cells due to overshooting, which limits the application when the87

cells in the background have been focused. More specifically, the focusing process of the nanopipette88

tip can only be done manually to avoid the tip damage when the stage carrying the cells has no89

z-axis freedom and the objective lenses of the microscope are not motorized. Apart from these, the90

relative vertical positioning between the tip of the micropipette and the cell (proximity detection) is91

required for automated intracellular sensing because of the highly varied thickness of the adherent92

cells [29].93

Here we propose an automated intracellular electrochemical sensing system for adherent cells.94

The number of cell contours (NOCC) obtained from a cell segmentation algorithm was used as95

the focus algorithm to determine the defocused plane for cell detection. The cell segmentation96

algorithm integrates the triangle thresholding algorithm and the Otsu thresholding algorithm, which97

guarantees the unimodality features of the NOCC-based focus curve. The automated cell/nucleus98

detection is achieved by automatic Z-axis positioning of adherent cells to reach a defocused plane99

with the maximal NOCC. Besides, the normalized correlation coefficients during template matching100

at different Z-axis positions were utilized as the focus algorithm to autofocus the nanopipette tip101

without overshooting and tip damage. The nanopipette tip detection was achieved by defining a102

region of interest containing a defocused nanopipette tip to avoid the time-consuming calculation103

during template matching and the false matches for cells or impurities. A relative height between104

the nanopipette tip and the cell surface was detected for the cells in the defocused plane based on105

ion current feedback, which can avoid the deformation of the soft cells. A nanopipette sensor was106

fabricated and employed for the specific detection of intracellular ROS. The experimental results107

demonstrate the high consistency and efficiency of the automatic intracellular electrochemical sensing108

by the developed system.109
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Figure 1: The automated system for intracellular electrochemical sensing. (a) Schematic showing
the preparation of nanopipette-based electrochemical nanosensor. (b) Schematic of the automated
robotic platform for intracellular electrochemical sensing. (c) A photograph showing the automated
positioning of the nanopipette relative to the cell surfaces in the culture dish. (d) Morphological
characterization of the nanopipette by electron beam microscope.

2 Materials and Methods110

2.1 Fabrication of nanopipettes as sensing probes111

Due to the high spatiotemporal resolution and low invasiveness, nanopipette has been a highly112

versatile platform for precise microinjection[28, 30], nanobiopsies [35, 36], scanning electrochemical113

microscopy [37], and monitoring chemical/biochemical changes within a single cell [20]. The fabri-114

cation of nanopipettes utilizes a laser pipette puller (Glass puller, P-2000, Sutter Instruments) to115

convert glass capillaries into nanopipettes by following sequential heating and pulling process, as116

shown in Figure 1(a). Nanopipettes of varying diameters with tip diameters as small as 100 nm can117

be obtained. Nanopipette-based nanosensor was achieved by sequential electron beam evaporation118

of titanium (Ti) layer and platinum (Pt) layer, where the Ti layer enhances the adhesion between119

the glass nanopipette and Pt layer. Atomic layer deposition (ALD) was used to deposit an insulation120

layer of Al2O3 (100 nm) for a high signal-to-noise ratio intracellular measurements. Finally, focused121
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ion beam (FIB) milling was performed to achieve a consistent tip size and expose the Pt layer for122

ROS detection. Reactive oxygen species, consisting of radical and non-radical oxygen species formed123

by the partial reduction of oxygen, have been proved to regulate tumor metastasis and cellular sig-124

naling [38, 39]. In this paper, the automated intracellular detection of ROS was achieved. The125

Pt coating on the nanopipette can catalyze the reduction reaction of ROS in the cell, where the126

reduction current was detected by an electrochemical workstation (CHI660E, CHInstruments).127

2.2 System setup128

The proposed automated robotic platform for intracellular electrochemical sensing was composed of129

the electrochemical sensing system, visual feedback system, and motion control system, as shown130

in Figure 1(b). The electrochemical sensing system, which is mainly responsible for subcellular131

sensing, consists of the electrochemical workstation and the fabricated nanopipette mounted on132

a high-precision micromanipulator. An inverted fluorescence microscope (Axio Observer 5, ZEISS)133

with a CMOS camera (acA4096-40uc, Basler AG, Germany) was used for visual feedback. All images134

were taken at a 20× magnification, and each of the captured images was resampled from 4096 pixels135

× 2168 pixels to 1024 pixels × 542 pixels for faster image processing. The motion control system136

incorporates two independent four degrees-of-freedom (DOF) micromanipulators (µMp-4, Sensapex,137

Finland) with a travel range of 20 mm, a motion resolution of 5 nm, and a maximum speed of 5138

mm/s along each degree. Figure 1 (c) shows the automated positioning of the nanopipette relative to139

the cell surfaces in the culture dish. The nanopipette was mounted on one of the micromanipulators.140

Figure 1(d) shows the microstructure of the nanopipette under an electron beam microscope. The141

other micromanipulator was used for holding the cell dish. A host computer (CPU: Inter® CoreTM
142

i7-8550U) was used to automate the motion control with visual feedback.143

The automated detection of adherent cells was evaluated on human umbilical cord vein endothe-144

lial cells (HUVEC) and NIH/3T3 cells. In a typical operation, the cell culture dish and nanopipette145

were mounted on the left and right micromanipulators, respectively. The adherent cells were moved146

along the z-axis to reach the best defocused image plane for cell detection by implementing the147

NOCC-based focus algorithm. Then, the target sites for cell penetration were identified on the geo-148

metrical center of each detected cell contour, and the overall penetration path was optimized. Then,149

the non-overshoot nanopipette tip positioning was performed to focus and detect the nanopipette150

tip. Later, the accurate relative vertical position of the nanopipette and the cell surface was obtained151

based on the ion current feedback. Finally, the nanopipette was controlled to penetrate the cells,152

and intracellular ROS detection was achieved by following the shortest path.153

2.3 Cell detection and positioning154

Adherent cells are mostly transparent and exhibit fewer features in the focus plane, which makes it155

difficult to segment the cells. According to the Zernike’s phase-contrast method [40], the image of a156

transparent object can be more explicit for cell detection when slightly defocused under the optical157

microscope [41]. The contrast of the defocused image of transparent and adherent cells (C(ρ⃗)) can158
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be written as (1).159

C(ρ⃗) ∼=
I(ρ⃗)− I0

I0
= ∆f∆n∇2h(ρ⃗) (1)

where ρ⃗ and I(ρ⃗) represent pixel coordinates and the pixel intensity corresponding to the coordinates,160

respectively. I0 is the image intensity of the background. ∆f is the defocused distance, which is161

the distance between the imaging plane and the ideal focus plane along the Z-axis. ∆n represents162

the refractive index difference between the cell and the medium. h(ρ⃗) is the thickness profile of the163

cell at the corresponding coordinates. The image contrast is proportional to the defocusing distance164

∆f . Thus, slightly defocusing the image is essential to bring the transparent adherent cells into165

view. However, the defocused plane selected based on experience cannot maximize the difference166

between foreground and background, which leads to a poor detection rate of cells. Here, we design167

a NOCC-based focus algorithm to find the optimal defocused distance by maximizing the detection168

rate of non-repeatedly labeled cells. Algorithm 1 illustrates the procedure of the NOCC-based focus169

algorithm, and Figure 2 shows the intermediate process.170

Figure 2: The image processing for cell detection. (a) Original image. (b) Image after gaussian
blurring operation. (c) Image binarization. (d) Image denoise by morphological close operation. (e)
Contours of cells. (f) Identification of cell penetration sites overlaid on the original image.

To avoid the detection of one cell as multiple discrete labeled regions, the original image I171

(Figure 2(a)) was blurred to the image IG by a Gaussian function G(x, y). Then, the image IG172

was transformed into grayscale image Igray (Figure 2(b)). Next, An image segmentation algorithm173

incorporating the triangle thresholding algorithm and the Otsu thresholding algorithm was utilized.174

The number of cell contours based on the blob analysis after segmentation was used as the focus175
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algorithm. The segmentation algorithm keeps NOCC zero when the cell defocuses negatively and176

extracts cell regions when the cell defocuses positively. In the triangle thresholding method, a line is177

constructed between the gray histogram peak and the farthest end of the histogram. In our study,178

the binarization threshold Totsu obtained by the Otsu thresholding algorithm was compared with179

the gray level Tpeak of the gray histogram peak to determine the constructed line for the triangle180

thresholding algorithm. When the threshold Totsu is greater than the Tpeak, the constructed line is181

connected between the peak of the gray histogram and the brighter end of the histogram. The binary182

image Ibin can be obtained by the triangle thresholding method, and the connected background183

region with zero number of cell contours was obtained. When the threshold Totsu is smaller than184

the Tpeak, the binarization Ibin (Figure 2(c)) was obtained by the Otsu thresholding algorithm.185

The developed image segmentation algorithm can shield the effect of the increase of the grayscale186

difference during negative defocusing and results in a high cell detection rate. Then, the binarized187

image was denoised by morphological close operation (Iclose (2(d))). The Iclose was then inverted as188

Iinv. The cell contours Ccells (2(e)) were extracted by the OpenCV function findContours() and the189

number of cell contours NOCC was determined. Finally, the penetration sites Mcells were identified190

by centroid extraction as shown in Figure 2(f).191

Algorithm 1 Cell Positioning Algorithm

1: procedure AutomaticCellPositioning(I)

2: IG ← I ∗G(x, y)

3: Igray ← IG

4: Totsu, Iotsu ← OtsuThresh(Igray)

5: if Totsu > Tpeak then

6: Ibin ← TriangleThresh(Igray, Totsu)

7: else

8: Ibin ← Iotsu

9: end if

10: Iclose ← Close(Ibin)

11: Iinv ← Inversion(Iclose)

12: Ccells ← findContours(Iinv)

13: NOCC ← Ccells

14: Mcells ← Ccells

15: end procedure

192

2.4 Detection and positioning of nanopipette tip193

In a typical procedure, the region of interest (ROI) of the nanopipette tip during the autofocusing194

was extracted to reduce the time consumption during template matching by thresholding and finding195

contours [42]. The detection of the nanopipette tip needs to avoid failure detection where the impu-196

rities or cells in the background are more notable than the nanopipette tip when the nanopipette tip197

is far away from the focus plane. As shown in Figure 3, the initial image (Figure 3(a)) was enhanced198
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by gamma transformation to make the features of the nanopipette tip more obvious (Figure 3(b)).199

Then, the image was binarized by the Otsu thresholding method and denoised by the morphological200

close operation (Figure 3(c)). Since the tip area is darker than the background, the image was201

inverted (Figure 3(d)), and the longest contour of the nanopipette tip was obtained (Figure 3(e)).202

The contour of the nanopipette tip was fitted by the OpenCV function approxPolyDP(), which203

conforms to a triangular contour (Figure 3(f)). The presence of a triangular feature is used as a204

reference for the successful detection of the nanopipette tip. If the fitted contour is triangle-shaped,205

the vertex of the triangle will be used as the tip of the nanopipette. To further analyze the weak fea-206

ture of the nanopipette quantitatively, the relationship between defocus distance and the successful207

detection of the nanopipette tip was studied. It was found that the tip detection algorithm could208

successfully detect the nanopipette tip when the defocus distance is smaller than approximately 110209

µm. If the fitted contour is not triangle-shaped, the tip moves continually towards the focus plane.210

Finally, the tip of the nanopipette can be obtained (Figure 3(g)).211

Figure 3: Automated tip detection and positioning. (a) Original image. The scale bar is suitable
for the rest of the images. (b) Image after gamma transformation. (c) Image binarization. (d)
Image obtained after denoising and inversion. (e) Contour extraction. (f) Contour fitting. (g) Tip
detection.

The depth from focus (DFF) method and the depth from defocus (DFD) method are two typical212

passive autofocusing methods that are currently studied. The DFD method is not suitable for this213

study because the initial defocused depth of the nanopipette is larger than the working range of214

the DFD method. The feature of the nanopipette is too weak to be recognized. Besides, the DFF215

method lacks a prediction mechanism of the tip-sample distance to avoid any collision damage to the216
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tip of the nanopipette. Thus, we propose a non-overshoot autofocusing method based on template217

matching to realize the three-dimensional tip positioning of the nanopipette.218

The template matching using normalized correlation coefficient was used to achieve non-overshoot219

tip autofocusing. When the tip of the nanopipette was moved downwards to the focus plane of220

adherent cells, the image I was compared with the pre-collected template image of the focused221

nanopipette tip T . The similarity S(x, y) of these two images was calculated by equation (2).222

S(x, y) =

∑
x′,y′ (T ′ (x′, y′) · I ′ (x+ x′, y + y′))√∑

x′,y′ T ′ (x′, y′)
2 ·

∑
x′,y′ I ′ (x+ x′, y + y′)

2
(2)

where223

T ′ (x′, y′) = T (x′, y′)− 1/(w · h) ·
∑
x′′,y′′

T (x′′, y′′) (3)

I ′ (x+ x′, y + y′) = I (x+ x′, y + y′)− 1/(w · h) ·
∑
x′′,y′′

I (x+ x′′, y + y′′) (4)

In the above equations, the w and h are the width and height of the template image, respectively.224

The tip of the nanopipette can accurately stop above the focus plane when reaching an appropriate225

threshold of the similarity.226

2.5 Proximity detection between the nanopipette and the cell surface227

Figure 4: Proximity detection based on ion current feedback.

The non-overshoot autofocusing of the nanopipette tip cannot accurately determine the relative228

vertical height between the nanopipette tip and the top surface of the cell. Here, a proximity229

detection based on ion current feedback was used to determine the relative vertical positions between230

the nanopipette tip and the cell surface. The schematic for proximity detection is shown in Figure 4.231

An Ag/AgCl reference electrode (RE) was immersed in the phosphate buffer solution (PBS). The232

Ag/AgCl working electrode (WE) was inserted into the nanopipette backfilled with PBS solution.233

When the nanopipette approaches the cell surface, the ion current (I) that flows between the WE234

and RE begins to decrease because the nanopipette tip is gradually occluded. The relationship235
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between nanopipette tip-cell distance (d) and ion current can be described as:236

I(d) =
U

Rp +Rz
≈ I∞

1 +

3
2 ln

(
ro
ri

)
rire

hd

−1

(5)

where I(d) represents the distance-dependent ion current, and the U is the applied potential between237

the WE and RE [43]. Besides, the resistance of the nanopipette Rp (depends on the geometry of the238

pipette and the conductivity of the electrolyte solution) and the access resistance Rz (depends on239

the conductivity of the electrolyte solution and the gap formed between the tip and interface) form240

the total resistance between the WE and RE . The steady-state ion current (I∞) can be measured241

only depending on (Rp) resistance, while the nanopipette tip is away from the sample surface. ri and242

ro are the internal radius and the outer radius of the nanopipette tip, respectively. re is the internal243

radius of the nanopipette base, h is the nanopipette height. As the nanopipette tip moves closer to244

the cell surface, the access resistance (Rz) increases quickly and hence decreases the ion current. The245

cell-nanopipette tip proximity detection is a non-contact approach, which can avoid the deformation246

of the soft cells. Besides, the non-contact approaching action to the cell can avoid unintentional247

mechanotransduction processes, where physical cues may induce changes in intracellular biochem-248

istry and gene expression [44, 45]. Besides, a maximum protection or contamination avoidance of249

the nanopipette tip can be ensured during the whole automated electrochemical sensing process by250

the robotic nanopipettes. In the empirical practice of the automated nanopipette probing, such as251

scanning ion conductance microscopy, the position of z-dimension actuator is recorded as the height252

of the sample at the point where the current reduction of 0.25-1% is identified [46–48]. To further253

avoid the false identification by current fluctuation due to measurement error and environmental254

disturbances, a 2% current reduction was set as the threshold to guarantee high resolution and stable255

proximity detection, which is still a non-contact approaching process between the nanopipette tip256

and sample [49].257

3 Results and Discussions258

3.1 Z-axis positioning of adherent cells259

Automatic Z-axis positioning of the adherent cells is of great importance for cell detection with260

a high positive rate. To evaluate the performance of automatic Z-axis positioning, the NOCC-261

based focus algorithm was experimentally compared with the other four kinds of traditional focus262

algorithms (Tenegrad [50], Energy [51], Brenner [52], and Variance [50]). The different focus curves263

were normalized, as shown in Figure 5. Several quantitative metrics (accuracy, range, the number264

of false maxima, and noise level) were used to evaluate the performance.265

The focus plane of adherent cells determined by traditional focus algorithms renders cell detection266

difficult. Here, the successful rate of cell detection was used to evaluate the accuracy of the proposed267

focus algorithm, where the best defocused plane corresponds to the maximal NOCC. The traditional268

range measures the distance between two local minima containing a global maximum. It is easier to269
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Table 1: Quantitative comparison of different focus algorithms.

Metrics Ideal
NOCC-based

-Method
Energy Tenengrad Brenner Variance Triangle Otsu

Range(µm) 300 247 12.5 13.5 13 33 60.5 42.5
False max 0 0.6 8 2.7 4.6 1.6 6.2 8.4

search for an accurate maximum with a large distance range. However, the focus plane of adherent270

cells corresponds to the local minimum of the traditional focus algorithm. Thus, the distance between271

the two neighboring maxima of the focus plane was used as the range to evaluate the performance272

of the traditional focus algorithms. The number of false maxima indicates the number of local273

maxima on the focus curve. The noise level is represented by the sum of the squares of the second274

derivatives of the focus curve. In this study, the ideal range and number of false maxima are 300275

and 0, respectively. The quantitative comparison of different focus algorithms is shown in Table 1.276

In the experiment, five sets of 60 images were collected with a step size of 5 µm to evaluate277

the focus algorithms and cell detection for HUVEC and NIH/3T3 cells. The evaluation results are278

shown in Figure 5(a). The traditional focus algorithms lack unimodal characteristics and form local279

minima during cell focusing, which makes the Z-axis positioning challenging for adherent cells. In280

contrast, the maximum of the NOCC-based focus curve corresponds to a defocus plane that enhances281

the gray difference between the cell and the background, which can better detect the distinct cell282

regions and guarantee a high detection rate for cell/nucleus. As seen in Figure 5(a), the maximum283

of the Variance algorithm is close to that of the NOCC-based focus algorithm. However, only the284

NOCC-based focus algorithm can avoid the local maximum in the range of 0-165 µm and presents285

unimodal characteristics. The feature indicates an excellent anti-noise ability of the NOCC-based286

focusing method.287

Besides, unimodal focus curves cannot be obtained by the triangle thresholding method or the288

Otsu thresholding method, as shown in Figure 5(b). In the range of 165-230 µm, the characteristics289

of the NOCC-based focus curve were consistent with those based on the Otsu method because the290

same algorithm was used. The inconsistency in Figure 5(b) is caused by the normalization operation291

of the focus curve. However, the triangle thresholding and Otsu threshold methods cannot guarantee292

the unimodal characteristics of the focus curve because the negative defocusing can also increase the293

grayscale difference between the foreground (cells) and background in the range of 0-100 µm. In the294

experiment, the maximal number of detected cells based on the triangle thresholding method (84)295

is significantly lower than that obtained by the NOCC-based focus algorithm (170).296

As shown in Table 1, the range of the traditional focus algorithms is less than the ideal range297

(300 µm). The result indicates that the positioning range satisfying the unimodal property is small,298

which causes the failure in autofocusing of the adherent cells. The range of the NOCC-based focus299

algorithm is significantly larger than that of other focus algorithms. Meanwhile, The number of false300

maxima of the NOCC-based method is far less than that of other focus algorithms. The range of the301

NOCC-based method is still less than the ideal value because of noise. However, the noise level of302

the NOCC-based focus algorithm (0.006) is less than the allowable noise level in the dynamic curve303

fitting search strategy (0.648) with a corresponding variance of 1 [26], which demonstrates that the304
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Figure 5: Comparison of different focus algorithms. (a) Comparison between the traditional focus
algorithms and the NOCC-based focus algorithm. (b) Comparison of the NOCC-based focus algo-
rithm with the triangle thresholding method or the Otsu thresholding method.

global maximum of the NOCC-based focus algorithm can be searched accurately.305

3.2 Cell detection306

The efficiency of cell detection was evaluated with HUVEC and NIH/3T3 cells under the defocused307

plane. The ellipsoidal shaped nucleus from a focused image was used as the ground truth, as shown308

in Figure 6. The cell detection was evaluated by two quantitative metrics: hit ratio and error rate.309

The hit ratio defines the number of correctly detected cells out of the total number of cells. The310

error rate equals the percentage of the number of off-target points and multiple labeled cells over311

the total cell number. The quantitative results were presented in terms of true positive rate (TPR)312

and false positive rate (FPR), which are expressed as:313

TPR =
TP

TP + FN
(6)

314

FPR =
FP

TP + FN
(7)

where TP represents the number of accurately identified cells and FN indicates the number of315

undetected visible cells. The sum of TP and FN represents the total cells in the field of vision. FP316

refers to the falsely detected cells. In an ideal case, the TPR and FPR are 100% and 0%, respectively,317

where all visible cells are detected.318

The experiments were performed based on an evaluation set made of 10 images containing a319

total of 755 HUVEC cells and 593 NIH/3T3 cells. Cells with invisible nucleus features at the far end320

of the image were not counted. The TPR of HUVEC and NIH/3T3 cells was 97.44% and 93.47%,321

respectively. The lower TPR for NIH/3T3 cells was caused by their irregular shapes and overlapping.322

Compared with the cell detection rate reported by Pan [30] and Becattini [32], the TPR by the323

proposed method is higher, which shows better cell/nucleus identification. Hence, the defocused324
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plane determined by the NOCC-based focus algorithm is more reliable for cell detection. The lower325

FPR indicates a lower probability of incorrect cell labeling and cell penetration. In addition, the326

average cell number in the field of vision was 129.8 in this study, which is 4.2 times of the cell number327

in Pan’s study, which significantly improves the efficiency of intracellular electrochemical sensing.328

The cell positioning algorithm is also suitable for intracellular electrochemical sensing of multiple329

cells. However, the cell positioning algorithm, by determining the cell contours, can only localize the330

nucleus, thus hindering intracellular electrochemical analysis to the other regions inside the living331

cell, such as the cytoplasm.332

Figure 6: The ellipsoidal shaped nucleus as the ground truth for cell detection.

Table 2: Comparison of cell detection by different methods.

Methods Cell line TP FN FP TPR FPR
Proposed-Method HUVEC 145 3.8 11 97.44% 7.39%
Proposed-Method NIH-3T3 114.6 8 9.6 93.47% 7.83%

Average HUVEC, NIH-3T3 259.6 11.8 20.6 95.65% 7.59%
Pan [30] MC3T3-E1 30.6 8.9 3.4 89.95% 26.20%

Becattini [32] CHO-K1,HEK \ \ \ 78.6% 18%

3.3 Non-overshoot tip positioning333

The non-overshoot tip positioning algorithm was evaluated by giving five different similarity thresh-334

olds under the background of the defocused cells. The tip positioning error was obtained by referring335

to the coordinates given by the micromanipulators, and the 95% confidence interval was used as the336

error bar, as shown in Figure 7. When the similarity threshold is 0.9, the Z-axis positioning error337

is -11.07±1.24 µm, and the tip stops at 11.07 µm before the focus plane. When the threshold is338

0.92, the Z-axis positioning error is 0.88±2.00 µm, and the tip may be stopped on either side of339

the focus plane. The tip will pass over the focus plane with a Z-axis positioning error of 8.50±1.13340

µm when the threshold is 0.94. The tip positioning goes from non-overshooting to overshooting341

with the increase of similarity threshold. One may raise the question of why the similarity of the342

template matching during overshooting is higher than that of the focused plane. That is because343

the template image of the nanopipette tip composed of a black tip area and white background can344

lead to a higher similarity when the nanopipette tip is over the focus plane slightly. Compared with345

the tip autofocusing of nanopipettes by detecting the body firstly, the proposed non-overshoot tip346

positioning method can avoid tip damage.347
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Figure 7: The non-overshoot positioning error with different similarity threshold.

Table 3: Results of the non-overshoot tip positioning.

Condition Z-axis Error (µm)
M-capillary and F-cells -1.07±1.18
M-capillary and D-cells -1.95±1.55
E-capillary and F-cells -1.37±0.97
E-capillary and D-cells -4.44±1.59

In addition, the robustness of the non-overshoot tip positioning algorithm was separately evalu-348

ated on the Pt-coated nanopipette for electrochemical sensing (E-Capillary) and the pristine glass349

nanopipette for microinjection (M-capillary) under the focused cell background (F-cells) and the350

defocused cell background (D-cells). The experimental errors were represented by 95% confidence351

intervals (CI), as shown in Table 3. The Z-axis positioning error of M-Capillary is -1.07 µm and352

-1.95 µm, where the similarity threshold was set to 0.85 (less than 0.92) because of the low contrast353

of the transparent M-Capillary tip. For the condition of E-capillary, the threshold is 0.91. The354

defocused cell background avoids the interference of impurities in the focusing image, advancing the355

stop position of the tip by 3.07 µm. In conclusion, the non-overshoot tip positioning algorithm can356

be used for the opaque and pristine nanopipettes under the focused and defocused cell background.357

3.4 Intracellular electrochemical sensing358

To quantitatively understand the function of biological systems, the electrochemical monitoring359

of intracellular ROS requires a nanopipette-based sensor that is selective and sensitive to targeted360

analytes. Thus, the selectivity of the Pt for intracellular electrochemical sensing of hydrogen peroxide361

(H2O2) was evaluated by using a Pt working electrode with a 1 mm diameter and an Ag/AgCl362

reference electrode. The working electrode and reference electrode were placed in the PBS solution,363

and the current was recorded. As shown in Figure 8(b), the current increased rapidly and then364

decreased slowly to 1.8 µA when H2O2 was added to the solution. In addition, a sudden overshoot365

of current was observed when adding different amino acids such as Thr, Ala, Phe, Val, Cys, Gly,366
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Figure 8: The intracellular ROS detection. (a) Optical images of the nanopipette approaching to
the cell, cell penetration, and nanopipette retraction. (b) Current recordings of ROS when different
kinds of amino acids are added to the solution. (c) Current recordings of ROS when the Pt electrode
is immersed in the solution of different ions. (d) Current response with different concentrations of
hydrogen peroxide. (e) The current recording of ROS for zebrafish embryos with band-pass filtering.
(f) The ROS current detection from MCF-7 cell with band-pass filtering.

Ser, Arg, His, and Tyr. However, the current was finally stabilized to 1.8 µA, demonstrating that367

the Pt microelectrode is capable of selective quantification of ROS. Moreover, the current recorded368

against different ionic disruptors further proves the selectivity of the Pt (Figure 8(c)).369

Finally, the automated intracellular electrochemical sensing of ROS was performed by automated370

cell detection, tip positioning, cell penetration, and nanopipette retraction from the cell. Two types371

of cells, namely: zebrafish embryos and human breast cancer cells (MCF-7), were selected for the372

study. Due to the small volume of adherent cells (MCF-7), 30 minutes of cellular inflammation373

stimulation was implemented by adding 1.0 mg/mL phorbol myristate acetate (PMA) to increase374

ROS before detecting the intracellular ROS level. Figure 8(d) shows that the relationship between375

the concentration of H2O2 and current was quantified by adding different concentrations of H2O2 in376

PBS solution. The currents increased with the concentration of H2O2, and current amplitude was377

proportional to the concentration of hydrogen peroxide within the range from 0.08 mM to 0.8 mM. In378

addition, the burst signal during penetration with a band-pass filter demonstrates intracellular ROS379

sensing for zebrafish embryo and MCF-7 cell, respectively, as shown in Figure 8(e) and Figure 8(f).380

The variation of ROS signals during the penetration of both types of cells can be observed clearly,381

which indicates that the fabricated nanopipette sensor is capable of intracellular ROS detection and382

demonstrates the remarkable capabilities of automated intracellular electrochemical sensing. As the383

next step, the automated intracellular electrochemical sensing will leap forward in the advancement384
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of multiple intracellular signal detections and manipulation of cell organelles based on real-time385

measurements of intracellular activities. Besides, automated intracellular electrochemical sensing386

may provide a reliable approach for the detection of a low concentration of biomarkers and the387

dynamic analysis of intracellular content in living single cells.388

4 Conclusion389

In this study, our robotic intracellular electrochemical sensing for adherent cells presents a simple,390

inexpensive, and nondestructive approach for living single cells with a high spatial resolution at391

a subcellular level. The developed system can accurately achieve cell detection, three-dimensional392

non-overshoot positioning of the nanopipette tip, cell approaching and proximity detection between393

nanopipette tip and cell surface, cell penetration and detection of the intracellular reactive oxygen394

species (ROS). A focus algorithm based on the number of cell contours is proposed for automatic395

Z-axis positioning of adherent cells, in which a cell segmentation algorithm integrating the triangle396

thresholding algorithm and the Otsu thresholding algorithm is used to guarantee the unimodality397

features of the focus curve. The automated cell/nucleus detection was achieved in a defocused398

plane with the maximal number of cell contours. The cell detection was performed on HUVEC399

and NIH/3T3 cells, which demonstrated an average of 95.65% cell targeting rate and the unimodal400

features of the proposed focus algorithm. Compared with the defocused plane determined by ex-401

perience [32], our results prove that the defocused plane determined based on the NOCC-based402

focus algorithm can significantly improve the cell detection rate, which is significant to improve403

the efficiency of high-throughput cell sensing. The three-dimensional non-overshoot tip positioning404

of the nanopipette was realized based on template matching, and the experimental results demon-405

strated that the non-overshoot tip positioning of the Pt-coated and pristine glass nanopipettes can406

be achieved under the focused and defocused cell background. Besides, ion current signal was407

used to detect the relative vertical positions between the nanopipette tip and the cell without cell408

deformation. The cell penetration and electrochemical detection of ROS were evaluated by hu-409

man breast cancer cells and zebrafish embryo cells, and the variation of ROS signals indicates the410

capability of intracellular ROS detection. The nanopipette-based electrochemical sensing system411

makes it possible to detect the intracellular ROS in tens to hundreds of cells, demonstrating the412

potential for high-throughput intracellular sensing. Besides, the automated nanopipette-based elec-413

trochemical sensing system can achieve spatial manipulation of cells and organelles with self-sensing414

feedback when coupled with other nanopipette-based micromanipulation techniques, such as dielec-415

trophoretic micromanipulation for selection, isolation and positioning of cells and organelles. The416

proposed system will also have important applications in lineage tracing for developmental biology,417

and high-resolution localization of organelles in living single cells for investigating the specific causes418

of diseases and the development of novel therapeutics.419
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