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ABSTRACT

Using standard needle guidance with ultrasound (US), computed tomography (CT), or magnetic

resonance imaging (MRI) has drawbacks and may cause issues like puncturing a blood vessel,

causing pneumothorax, or damaging a nerve. This phenomenon is more common for an

inexperienced participant. Therefore, a guidance technology that boosts needle insertion accuracy

while integrating seamlessly into existing clinical workflows is essential.

The integration of advanced sensory modalities into medical instruments offers a promising solution.

For needle sensing specifically, compared to biomechanical, optical, and magnetic approaches,

bioimpedance (BIOZ) offers not only real-time tissue classification but also miniaturisation

capabilities. However, existing BIOZ-based needle systems face two key challenges: suboptimal

electrode designs that lead to measurement drift and a limited effective sensitivity zone, where

impedance information is confined to the immediate vicinity of the electrode surface.

This research aims to develop a system that combines advanced BIOZ sensing methods, robotic

touch feedback, and ultrasound signal processing to accurately guide needles during deep insertion

procedures. Unlike current user-interpreted ultrasound imaging methods, the proposed system will

actively characterise tissue properties and provide real-time guidance for needle positioning,

targeting sub-millimetre insertion accuracy through intelligent sensor fusion.

Initial prototype validation demonstrates the approach’s feasibility for the CVC procedures. Along the

z-axis, the prototype system achieved a 100% venous entry success rate and 86.7% central positioning

accuracy. Across 24 trials, the system maintained sub-millimetre precision with an RMS error of 0.66

mm while providing real-time feedback at over 100 Hz sampling rate.

This work establishes the technological foundation for next-generation minimally invasive

procedures. The platform’s compatibility with existing clinical workflows and standard instruments

ii



supports practical adoption, with potential applications extending to targeted drug delivery, biopsy

guidance, and neuro-interventions. By enabling precise tissue characterisation without relying solely

on external imaging, this research advances precision medicine while reducing procedural

complexity and improving patient safety outcomes.

Keywords: Bioimpedance needle, central venous catheterisation, haptic-assistive device, human-

machine interface, robotic-assisted surgery, venous entry detection
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ABBREVIATIONS

ADC : Analogue-to-Digital Converter

AFE : Analogue Front-End

AME : Advanced Measurement Equipment

AR : Augmented Reality

BIOZ : Bioimpedance

BiNH : BIOZ Needle Handle

BLE : Bluetooth Low Energy

CE : Counter Electrode

CF : Crest Factor

CMFB : Common-Mode Feedback

CMOS : Complementary Metal Oxide

Semiconductor

CT : Computed Tomography

CVC : Central Venous Catheter

DAC : Digital-to-Analog Converter

DFT : Discrete Fourier Transform

DLC : Double-Layer Capacitance

DOF : Degrees of Freedom

DOI : Depth of Investigation

DVA : Difficult Venous Access

EIT : Electrical Impedance Tomography

EM : Electromagnetic

FEM : Finite Element Method

FBG : Fibre Bragg Grating

FPC : Flexible Printed Circuit

FS : Force Sensing

GUI : Graphical User Interface

HMI : Human-Machine Interface

IA : Instrumentation Amplifier

IDE : Interdigitated Electrodes

IHP : Inner Helmholtz Plane

IMU : Inertial Measurement Unit

LCR : Inductance, Capacitance, Resistance

MRI : Magnetic Resonance Imaging

NIR : Near-Infrared

OCT : Optical Coherence Tomography

OHP : Outer Helmholtz Plane

OTA : Operational Transconductance Amplifier

PCB : Printed Circuit Board

PEG : Polyethylene Glycol

PIVC : Peripheral Intravenous Catheter

PZT : Lead Zirconium Titanate

RE : Reference Electrode
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RVC : Retinal Vein Cannulation

SNR : Signal-to-Noise Ratio

SPL : Selective Passivation Layer

TIA : Transimpedance Amplifier

US : Ultrasound

VOC : Voltage-Controlled Oscillator

VR : Virtual Reality

WE : Working Electrode
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1. INTRODUCTION

This chapter presents the background of my PhD research, explaining the motivation behind the study

and the specific research problem it aims to address. It further defines the research aims, details

the specific objectives, and outlines the expected contributions and societal impact. Additionally, it

provides a concise overview of the structure of this report.

1.1 Research Background

The integration of novel sensors with medical instruments represents a pivotal trend in modern

healthcare, driving rapid advancements in capabilities for physiological monitoring, surgical

assistance, disease diagnosis, and patient surveillance [1]. Continuous innovations have yielded a

growing array of sensor-enhanced devices, including precision needles, flexible endoscopes, robotic

surgical tools, and swallowable diagnostic capsules. Each of these platforms leverages sensing

technologies to extend clinician perception beyond the limits of unaided vision and touch.

Medical needles remain among the most ubiquitous clinical tools, with over 16 billion injections

administered worldwide each year [2]. Despite established guidelines on needle gauge selection for

various procedures, there are no universally accepted standards governing insertion accuracy or path

planning. Clinicians must therefore rely on subjective visualisation of tissue deformation and

imprecise tactile feedback to guide needle advancement [3]. Improper needle placement can lead to

procedural complications and patient discomfort, particularly in high-precision interventions.

Specifically, 2012 statistics report that central venous catheterisation (CVC) performed without

ultrasound (US) guidance had complication rates approaching 19.5%, including inadvertent venous

puncture, arterial mispuncture, local haematoma, nerve injury, pneumothorax, catheter

misplacement, and deep vein thrombosis [4]–[6]. Advances in medical practice and the adoption of
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the US have reduced the overall CVC complication rate to 3.02% [6]. However, the US guidance

demands experienced operators to ensure proper hand–eye coordination, and Lennon et al. found

that practitioners with more than 25 prior procedures achieved significantly fewer complications [4],

[7]. Percutaneous lung biopsy (PLB) illustrates similar challenges. Overall complication rates,

including any mild or severe event, average 10.6% [8]. While for subsolid lung nodules, the rate

could reach 43%, including a severe complications rate of 0.1% [9]. While mild complications are

common, careful needle path planning can greatly improve patient recovery and comfort. Computed

tomography (CT) guidance is used for biopsy, but its limited real-time capabilities often prolong

patient discomfort during insertion [10]. Moreover, the spatial resolution of CT and US can make it

challenging to delineate precise tissue boundaries. By contrast, magnetic resonance imaging (MRI)

offers superior soft-tissue contrast and avoids ionising radiation, but its application in needle-based

procedures is constrained by the need for MRI-compatible needles and the lack of real-time,

high-resolution imaging [11]. Li et al. reported one mild complication in their series of 16 US

fusion-guided core needle biopsies of head and neck lesions. This low complication rate nonetheless

illustrates the importance of highly precise needle guidance in these high-risk regions, where there is

no margin for failure [12]. Consequently, there is a pressing need for devices that provide

high-resolution, real-time, and precise navigation, thereby enhancing safety in resource-limited

settings, reducing training costs, and delivering more reliable procedural outcomes.

To address those limitations, researchers develop different sensor systems based on the fact that

different tissues exhibit distinct mechanical properties, protein compositions, optical refractive

indices and electrical conductivities [1], [13]. These include biomechanical, optical, magnetic and

bioelectrical methods. Accurate needle localisation and visualisation are crucial for precise

positioning during medical procedures. While direct needle insertion with a tissue-type classification

sensor is common, precise trajectory guidance is essential for deep tissue penetration [3]. As the

length of the needle increases, tissue resistance and friction may cause needle bending, which can
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lead to incorrect needle placement [1]. Furthermore, accurate path planning helps avoid harming

sensitive structures, such as nerves, lymph, and other delicate regions, thereby minimising patient

discomfort and reducing the risk of complications [14].

Despite substantial advances in individual sensing technologies and proof-of-concept demonstrations,

the development of fully integrated, clinically validated smart needle systems suitable for routine

deployment remains a significant challenge. Future research endeavours should prioritise the seamless

integration of multimodal sensors to establish broad compatibility with existing clinical workflows

and instrumentation. At the same time, provide accurate and real-time feedback for safer insertion.

In addition, successfully addressing both technical and regulatory challenges will be instrumental

in facilitating the translation of smart-needle innovations from laboratory research environments to

routine clinical implementation, ultimately enhancing procedural accuracy, improving patient safety

outcomes, and advancing the standard of minimally invasive medical care.

1.2 Research Aim

The overarching objective of this research is to develop an integrated multi-modal sensing platform

for needle insertion procedures. Mainly for needle insertion applications, especially for those who

need deep insertion. The proposed system aims to maintain superior insertion precision through the

synergistic integration of bioimpedance (BIOZ), ultrasound imaging and a haptic robotic assistance

system. The target is to achieve sub-millimetre insertion accuracy in three-dimensional spatial

trajectory control and provide haptic feedback via a robotic system during deep tissue needle

placement.

1.3 Research Objectives

To fulfil the research aim outlined above, the following specific objectives are proposed:
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• Achieve reliable tissue classification using bioimpedance sensing at the needle tip. Develop

and validate bioimpedance-based tissue differentiation capabilities that can distinguish between

different tissues during needle insertion. Improving the sensing area on the tiny needle surface. This

includes the needle sensor probe design with optimised electrode layouts, measurement strategy and

conductivity matrix reconstruction algorithm. It also comes with ultra-low-noise, high-sensitivity

readout circuits with wireless communication capabilities that meet the stringent performance and

portability requirements of clinical needle-based procedures.

• Develop sensor fusion algorithms for enhanced needle guidance. Create intelligent integration

of bioimpedance and ultrasound image data to provide comprehensive real-time guidance during

CVC procedures, improving upon single-modality approaches.

• Integrate haptic feedback to enhance insertion precision and safety. Implement haptic-enabled

guidance systems that provide real-time force feedback to clinicians, enabling sub-millimetre

accuracy in three-dimensional needle trajectory control.

1.4 Research Contribution and Value

This research would make three contributions. First is trying to cut the edge of the outer electrical

impedance tomography (OEIT) system. The small sensitivity area is the critical limitation for this

system. We would introduce different electrode layouts and optimise the injection strategy. A more

complex sensitivity matrix with detailed conductivity info could also be obtained. By proposing a

new demodulation algorithm and a finite element analysis algorithm, we can achieve the detection of

conductivity distribution in a larger space.

Meanwhile, we fuse impedance readings with ultrasound images. We apply reinforcement learning to

these continuous data streams and incorporate diffusion-model predictions. Together, they enable the

construction of a neural-scale 3D model. This approach overcomes the limitation of current models,
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which focus solely on macroscopic physiological structures.

Additionally, we will couple a simplified viscoelastic tissue model with a needle-tip interaction law to

drive a real-time haptic interface. The system continuously computes an optimal 3D trajectory—based

on local stiffness gradients and proximity to critical structures—and renders force feedback that gently

redirects the needle whenever it approaches sensitive anatomy. By blending fast, precomputed tissue

responses with on-the-fly path adjustment, this approach delivers smooth, clinically realistic tactile

cues and helps operators maintain safe insertion angles throughout the procedure.

Clinically, this continuous-monitoring, haptic-feedback system enables early detection and real-time

correction of insertion errors. Combined, these features deliver sub-millimetre trajectory precision

and greatly minimise the risk of puncturing organs, vessels, nerves or other vital tissues. By providing

intuitive guidance even during deep or complex needle paths, the system markedly lowers overall

complication rates.

1.5 Report Organisation

This transfer report is structured into four chapters. The current chapter introduces the background of

the research, followed by the research aim, objectives, motivation, and potential impact.

Chapter 2 reviews different sensor configurations used in needle-based systems. These

configurations incorporate various sensing techniques, including biomechanical, optical, magnetic

and BIOZ modalities. This chapter also explains the rationale for selecting the BIOZ approach for

this research and provides essential background knowledge on BIOZ.

Chapter 3 presents a prototype of the proposed device, demonstrating the feasibility of the core

concept and validating the system’s foundational design.

Finally, Chapter 4 outlines the ongoing and future work, including recent results, a detailed timeline

for the remainder of the PhD, and planned efforts to increase the research’s impact—such as extended

experiments, academic publications, and workshops.
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2. LITERATURE REVIEW

2.1 Comparison of Different Strategies

The limitations of conventional clinical imaging techniques have been outlined in the background

section. This chapter further explores advanced sensing approaches that have been proposed to

overcome these limitations. Specifically, it reviews four major categories of sensing modalities:

biomechanical, optical, magnetic, and bioimpedance (BIOZ), including electrochemical sensors.

These systems differ in both sensor placement and functional capabilities, and their classification is

summarised in Fig. 2.1.

(1) (2) (3)

Photoacoustic(1)

Needle Trajectory Guidance Tissue Classification

US Doppler(1)Strain Gauges(2,3)

Optical Fibre(1)

External Optical Marker(3)

Diffuse Spectroscopy(1)

Optical Doppler(1)

US(~)

CT (~)

MRI (~)

(*) means this strategy has a certain ability to predict the front tissues

BIOZ/Electrochemical(1,2,*)

Ultrasonic Sensor(1)

OCT(1,*)
FBG(1,2)

Robotic assistance(3)

Magnetic Tracking(1,2,3)

(~) means the imaging-based methods

Embedded Sensor Attached Sensor Hub-integrated sensor

Fig. 2.1. Sensing technologies for needle-based interventions are broadly categorised into two main
functional domains: needle trajectory guidance and tissue classification. Depending on their purpose,
these systems enable spatial tracking, tissue differentiation, or both. Their physical integration with
the needle is illustrated through various implementation strategies, including embedded sensors,
surface-attached sensors, hub-integrated sensors, and externally guided imaging-based methods.

6



2.1.1 Biomechanical

Different tissues exhibit distinct mechanical properties, including stiffness, elasticity, viscosity, and

acoustic impedance. For instance, tissues such as bone and tendon are classified as hard tissues,

whereas blood vessels and adipose tissue are considered soft tissues. One of the most widely adopted

applications based on these mechanical differences is ultrasound elastography, which is commonly

used in cancer diagnostics—particularly for prostate cancer—due to the fact that malignant regions

often exhibit significantly higher stiffness compared to surrounding healthy tissue [15].

(a) Photoacoustic Enhanced

(c) Micro Gauge (d) Force Sensor at Hub

(b) PZT-CMOS

Fig. 2.2. Biomechanical-based needle trajectory guidance techniques. (a) photoacoustic needle tip
enhancement using a piezoelectric material [16]; (b) PZT-CMOS passive sensing system [17] (c)
mirco strain gauges mounted on the needle shaft for deflection estimation (left) and reconstruction of
needle trajectory (right). [18]; (d) hub-based strain sensing incorporating insertion velocity [19].

Studies have aimed to enhance needle tip visibility by attaching materials with distinct acoustic
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impedance or by actively generating ultrasound signals at the needle tip through external stimulation.

A notable example is the work by Watanabe et al. [16], which employs a photoacoustic approach

using a piezoelectric material that emits ultrasound upon light activation. This enhances the needle

tip’s visibility in ultrasound imaging, as shown in Fig. 2.2(a). Building on Pb-based lead zirconium

titanate (PZT), Shi et al. integrated PZT transducers with complementary metal oxide semiconductor

(CMOS) circuits to develop an ultrasound probe capable of multiple functions. This system not only

enables needle tip localisation but also powers the CMOS and supports the transmission of

temperature data [17], as shown in Fig. 2.2(b). However, in certain cases, the generated signal

remains difficult to capture or may produce artefacts that create false needle tip images. Moreover,

the system requires integration of both optical and ultrasound equipment, along with manual

adjustment of imaging parameters such as gain, imposing an additional burden on clinical

procedures like CVC. Incidentally, early approaches have also explored the integration of Doppler

sensors within the needle structure [20]. When the needle is deployed, the sensor actively emits

acoustic waves and captures their echoes. This method has shown particular effectiveness in

targeting blood vessels, as the Doppler signal can highlight motion and flow, providing a clear

contrast against surrounding static tissues.

Additionally, other studies explored the integration of strain gauges, either mounted directly on the

needle shaft or on the hub of the needle luer [18], [19], [21]. For instance, Robert et al. [18] attached

micro-gauges to the needle surface, as shown in Fig. 2.2(c). By analysing mechanical strain, a

model of needle deflection was reconstructed to estimate the needle’s bending direction. The model’s

predictions were compared with experimental measurements, achieving millimetre-level accuracy.

However, the model did not consider certain dynamic factors such as insertion speed. Under more

extreme conditions, this led to increased estimation errors.

Building upon this, Zhang et al. [19] relocated the sensors to the needle hub, allowing the

incorporation of insertion velocity and tissue viscosity effects into the model, as shown in Fig.
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2.2(d). The experimental results demonstrated the effectiveness of this approach. Nevertheless, the

study still lacked analysis under multi-angle insertion conditions and across different tissue types,

limiting its generalisability in complex clinical scenarios.

Overall, while acoustic impedance-based methods show promise in tracking needle tips, they often

require additional equipment, reducing their compatibility with clinical procedures such as CVC.

Meanwhile, although mechanically based models have achieved higher accuracy in controlled

experiments, their performance remains difficult to validate under the complex and variable

conditions present in real human tissue environments.

2.1.2 Optical

Optical methods enable tissue classification through techniques such as optical spectroscopy analysis

and Doppler effect measurements. In addition, fibre Bragg (FBG) gratings have also been used to

measure needle torque and axial force for needle trajectory guidance.

Cheng et al. [22] proposed a trajectory estimation method using an optical fibre embedded in the

needle to project laser onto tissue, with positions calibrated by an electromagnetic tracking system

for machine learning training, as shown in Fig. 2.3(a). While effective in controlled settings, the

use of external cameras limits its ability to capture in-tissue information during surgery and makes it

sensitive to ambient lighting, restricting clinical applicability.

Fig. 2.3(b) shows the external optical markers offer a simple solution for needle tracking, where visual

systems can easily identify markers on the needle surface. This approach is particularly advantageous

in human-machine interaction (HMI) applications and has been explored in several studies, including

work by researchers [23] and commercial implementations such as those by NDI [28]. However,

this method has clear limitations—particularly for thin needles—where deformation along the shaft

cannot be captured, making it difficult to estimate the actual path.

Diffuse spectroscopy methods identify tissue types by analysing their unique light absorption,
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(a) Laser Beam Projected on Tissue

(b) Optical Marker on the Handle

(c) Optical Setup in Needle for Spectroscopy Analysis

(d) System Setup for Doppler Effect Detection

Substrate

Scattered Light

CollectionInjection

(e) OCT Forward Tissue Distance Detection

(f) Multi FBG Calculate the Deflection Angle and Amplitude 

Fig. 2.3. Optical-based tissue classification and needle trajectory guidance techniques. (a) laser
beam projected on the tissue surface for trajectory calibration using electromagnetic tracking [22]; (b)
external optical markers on the needle handle for visual tracking [23]; (c) integrated optical fibres for
diffuse spectroscopy tissue classification [24]; (d) Doppler effect-based system for vascular detection
via scattered light [25]; (e) OCT-assisted forward tissue distance detection for precise epidural needle
placement [26]; (f) a multi-point FBG array for real-time deflection angle and shape sensing along
the needle shaft [27].

reflection, or even emission characteristics. Nachabé et al. [24] developed a needle-integrated

system with two optical fibres—one for light emission and the other for detection—to classify health

and cancer tissue types in contact with the needle tip, as illustrated in Fig. 2.3(c). While effective in

distinguishing spectral features of different tissues, the inclusion of a spectrometer makes the system

bulky and limits its potential for miniaturisation.
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Another optical approach leverages the Doppler effect, where frequency shifts in light waves occur

due to relative motion between the source and the sensor. Virdyawan et al. [25], [29] utilised this

scattering-based method to detect blood flow, enabling vascular identification, as shown in Fig. 2.3(d).

Although this method allows precise and efficient blood vessel detection, it struggles to differentiate

other deep tissue structures such as lymph nodes or nerves. As a result, it lacks the ability to plan a

safe insertion path, which may still lead to unintended complications.

Optical coherence tomography (OCT) is a high-resolution imaging technique that, when combined

with haptic feedback algorithms, can precisely control needle insertion. In epidural anaesthesia, it

has been shown to stop the needle at a distance of 0.21 ± 0.62 mm before puncturing the dura mater,

achieving a success rate of 94 % [26]. The complete system is illustrated in Fig. 2.3(e). Despite its

precision, OCT has notable limitations. Several studies report that OCT systems are expensive and

challenging to integrate into miniaturised instruments [30], [31]. These constraints mirror those faced

by acoustic impedance systems, making OCT difficult to incorporate into clinical workflows such as

CVC procedures due to its large equipment and high cost.

An array of FBGs can be distributed along the needle shaft to form multiple active sensing regions,

with each region containing three FBG sensors arranged 120° apart, as illustrated in Fig. 2.3(f). In

the study by Lezcano et al. [27], temperature compensation was considered to minimise the influence

of thermal drift on the FBG signal. When the needle bends, the reflected wavelengths from the FBG

sensors shift. By analysing the angular deflections and signal amplitudes across multiple active areas

and combining these with a mechanical model of the needle, the system can reconstruct its bending

details. Further studies have applied machine learning to estimate insertion depth and classify tissue

types based on FBG signals [32], [33]. While this method offers high spatial resolution and full

needle shape reconstruction, its broader application is limited by factors such as high cost, fragility,

sensitivity to temperature changes, and a limited dynamic range [27].

In summary, optical methods for needle tracking offer high precision and valuable insights into tissue
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interaction, but each approach faces trade-offs in clinical applicability. Challenges such as system

bulkiness, sensitivity to external conditions, high cost, and limited compatibility with miniaturised

setups hinder widespread adoption in real-world procedures like CVC.

2.1.3 Magnetic

Compared to optical systems, magnetic tracking devices have made notable progress in

miniaturisation. However, most current magnetic tracking implementations still rely on wired

connections, which can introduce additional steps and complexity in clinical procedures such as

CVC. Despite these limitations, their commercial adoption and research advancements offer

valuable insights for future system development.

coil sensor

16 to 22 gauge needles

clip with magnetic

position template

Aurora system

(a) Ascension trakSTAR (b) Magnet Clip Passive Tracking 

(c) Magnetized needle Passive Tracking (d) CMOS Coil Active Tracking

TX

RX

Fig. 2.4. Magnetic-based needle trajectory guidance techniques. (a) Ascension trakSTAR
electromagnetic system for 6-DOF pose tracking using a coil sensor [34]; (b) passive tracking using a
magnet clip and Aurora field generator for sub-millimetre accuracy [35]; (c) magnetised needle with
trajectory overlay on ultrasound for passive guidance [36]; (d) CMOS-based 5-DOF active magnetic
tracking system for image-guided bronchoscopy using external coil arrays [37].
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Magnetic tracking systems estimate the position and orientation of a needle by analysing the induced

currents in miniature coils. One example is the Ascension trakSTAR system, commonly used in

medical simulation [34]. It consists of a magnetic field transmitter that emits a low-intensity, time-

varying magnetic field. When a microcoil embedded in the tracked object enters this field, it generates

an induced current. This signal is then processed by the receiver circuitry to compute the full six

degrees of freedom (DOF) pose of the object with 1.4 mm and 0.5 degree root mean square error, as

shown in Fig. 2.4(a).

Zhao and Tse [35] proposed a low-cost, disposable needle clip with perpendicular solenoids for

6-DOF tracking using the Aurora field generator, as shown in Fig. 2.4(b). By placing the sensor

externally, the design supports various needle sizes and reduces cost, achieving sub-millimetre

accuracy. However, performance may be affected by electromagnetic interference and needle

bending, and further clinical validation is needed.

Johnson et al. [36] developed a passive magnetic needle guidance system using a magnet at the needle

base. It overlays predicted needle trajectories onto ultrasound images, improving targeting accuracy

by 57.1 % in phantom studies, as shown in Fig. 2.4(c). Still, precision may be limited by bending and

signal errors. Samsung later integrated magnetic sensor arrays into ultrasound probes and used fully

magnetised needles for full 6-DOF tracking [38]. While more integrated, it faces similar issues with

bending and magnetic interference.

Fig. 2.4(d) shows a 5-DOF magnetic tracking system developed for image-guided bronchoscopy

[37]. The system achieves sub-millimetre accuracy within a 15 × 15 × 15 cm³ volume, using low-

frequency magnetic fields generated by an external 8-coil array. Induced signals are digitised by an

integrated CMOS sensor to estimate the instrument’s pose. While validated against a high-precision

optical tracker (NDI Polaris), the system remains limited because of 2D coil configurations, requiring

a second coil to enable full 6-DOF tracking. Moreover, it lacks real-time compensation for motion

errors caused by respiration or registration drift.
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(a) Multi-frequency measurement (b) IDEs Bipolar Measurement

WE/WSRECE

(c) CathBot for PIVC (d) Injeq IQ-Needle System

CSF

(e) RVC needle (f) 4-wire EIS Needle

(h) Fluid Leakage Detection Needle

(g) Multi-sensor Integrated Needle

Fig. 2.5. BIOZ-based tissue classification and proximity sensing techniques. (a) multi-frequency
for tissue classification [39]; (b) IDE-based bipolar needle for spectral enhancement [40], [41]; (c)
CathBot integrating impedance sensing with robotic guidance for PIVC [42]; (d) IQ-Needle for CSF
localisation via impedance feedback [43]; (e) two-electrode RVC needle [31]; (f) four-wire EIS needle
[44]; (g) multi-sensor needle combining EIS and electrochemical sensing [45]; (h) flexible leakage
detection needle with multiplexed impedance readout [46].
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2.1.4 Bioimpedance

BIOZ is a highly active area of research, leveraging electrode interfaces for a range of impedances

and chemical measurements. Early studies [47]–[49] primarily employed two-electrode or three-

electrode configurations to measure tissue impedance. To minimise errors caused by the electrode

polarisation effect, later research introduced four-electrode methods for improved accuracy [50], [51].

In addition to impedance measurement, many studies have explored electrochemical sensing using

three-electrode configurations and their improved version [51], [52]. The following section provides

a detailed review of those developments.

Kalvøy et al. [39] conducted a valuable study in 2016, employing a three-electrode bioimpedance

measurement method in which the needle serves as the working electrode, while the other two

electrodes are attached to the skin. By incorporating multi-frequency measurements, the

discrimination of tissues is improved. For instance, at 40 kHz, the impedance magnitude between

nerve and muscle tissues is similar, but the phase response differs significantly. At 126 kHz, the

system effectively distinguished between fat and nerve tissue. To enhance classification, an

empirical multi-frequency approach was introduced, as shown in Equation 2.1.1, with its

performance illustrated in Fig. 2.5(a). Despite its effectiveness, the use of a three-electrode setup

introduced drift during repeated measurements due to electrode polarisation effects, which is more

fit for the electrochemical measurements. Moreover, the system lacked miniaturisation, and no

engineering optimisation was presented, limiting its practical clinical application.

C =

√(
−M126kHz −73.8×P40kHz −65.9

562

)2

+

(
P158kHz −P126kHz +2.27

0.95

)2

(2.1.1)

Yun et al. [40] developed a bipolar impedance sensing method using fine interdigitated electrodes

(IDEs) patterned on the needle tip, enabling tissue discrimination during insertion (Fig. 2.5(b), left).

By analysing frequency-dependent spectra and introducing a compensation model for parasitic effects
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from the passivation layer, they achieved effective fat–muscle separation at low frequencies (111 Hz).

However, unpassivated connection lines introduced high-frequency interference, limiting accuracy.

To address this, a follow-up study applied a selective passivation layer (SPL), exposing only the IDEs

(Fig. 2.5(b), right) [41]. This reduced parasitic noise and enabled reliable tissue classification up to

1 MHz. IDEs improve signal quality by increasing electrode–tissue contact and introducing intrinsic

capacitance. At high frequencies, their distributed capacitance forms a low-impedance path, allowing

current to flow primarily through capacitive coupling rather than resistive conduction. This makes

IDEs particularly suited for detecting dielectric properties of tissues. Additionally, their electric field

lines are concentrated near the electrode surface, making them sensitive to surface-level interactions.

Many studies have utilised the AD5933 chip (Analogue Devices, USA) combined with commercial or

custom-made two-electrode needles for impedance measurements. The limitations of two-electrode

configurations—particularly signal drift over time and dominant capacitive effects at low frequencies

caused by electrode polarisation—have been discussed extensively. A detailed analysis of these issues

will be presented in the next section.

Maglioli et al. [53] applied two-electrode measurements for biological tissue classification. Cheng et

al. [42], [54]–[57] combined impedance sensing with mechanical guidance called CathBot to achieve

precise peripheral intravenous catheterisation (PIVC), as shown in Fig. 2.5(c).

Some studies employed impedance analysers without considering clinical compatibility or system

miniaturisation [30], [31], [58]. Among them, Schoevaerdts et al. [30], [31] focused on retinal vein

cannulation (RVC) to treat retinal vein occlusion (RVO), a condition leading to blindness. Similar to

CVC procedures, RVC also involves venous puncture. In [31], they used a conventional

two-electrode needle but reported a 20 % inaccuracy rate, highlighting challenges for clinical

translation, as shown in Fig. 2.5(e). Moreover, the system faced typical limitations associated with

bulky external LCR meters and two-electrode drift. Later, Schoevaerdts et al. [30] improved the

design by placing the second electrode on the back of the eyeball, enabling early detection of vessel
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proximity based on capacitive impedance changes, thus offering better puncture guidance. Helen et

al. [58] provided another example where significant system latency caused a mismatch between

measured impedance and actual needle position. In contrast, the Injeq IQ-Needle system [43], [59]

represents a successful commercial application, achieving precise cerebrospinal fluid (CSF)

localisation during lumbar puncture, as shown in Fig. 2.5(d).

Researchers led by Park in Korea have conducted extensive studies on needle design. In earlier

work, they developed an EIS-based needle capable of distinguishing tissue types and estimating the

location of material interfaces by performing four-wire impedance measurements at two different

positions, as shown in Fig. 2.5(f) [44]. Although they demonstrated strong expertise in needle

fabrication, their system lacked circuit-level optimisation and full integration, limiting its

compatibility with clinical workflows such as biopsy or CVC procedures. In subsequent studies,

Park’s group integrated electrochemical sensors and four-wire impedance sensors into a single

needle design, enabling switching between sensing modes and connecting to multiple instruments

for measurement [45], [51]. This multi-sensor integration approach offers valuable insights for

future needle system designs, as illustrated in Fig. 2.5(g). Finally, a noteworthy study introduced a

flexible printed circuit (FPC) with eight electrodes attached to the needle shaft for early detection of

fluid leakage, primarily in PIVC applications [46]. The study also highlighted the use of a

PEDOT-MWCNT coating to significantly reduce interface impedance. The system employed a

two-electrode measurement method, connecting the eight electrodes to a multiplexer and forming

bipolar pairs with a subcutaneous Pt wire, as shown in Fig. 2.5(h). However, it faced similar

limitations as previously discussed and will not be elaborated on here.

As mentioned above, many studies have explored electrochemical measurements using electrode-

based sensing. However, a detailed analysis is beyond the scope of this research. Representative

works can be found in [52], [60], [61]. Compared to other sensing methods, impedance measurement

circuits can be efficiently integrated into CMOS technology, offering high portability for applications
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in wearable or implantable devices [50], [61]. A more detailed discussion of the electrical models for

electrochemical measurements will be provided in the following section.

2.2 Review of the Bioimpedance Technology

Fig. 2.6. From left to right: (1) Illustration of current pathways at different frequencies through
cellular structures [61]; (2) Equivalent circuit model comprising extracellular resistance, membrane
capacitance, and intracellular resistance; (3) Frequency-dependent permittivity profile showing α , β ,
γ , and δ dispersions [62].

The bioimpedance of human tissues primarily arises from the structure of cells and the surrounding

tissue matrix. The cell membrane, composed of a phospholipid bilayer, isolates intracellular

compounds from the external environment and restricts ion movement. Under the influence of an

electric field, ions accumulate at the cell membrane. As the frequency of the applied field increases,

ions are unable to follow the rapid field oscillations, resulting in charge accumulation at the

membrane and enhanced cell polarisation, thereby facilitating conduction. A basic model of the cell

structure is illustrated in Fig. 2.6.

This membrane behaviour can be represented by an equivalent electrical circuit model, where

high-frequency signals predominantly probe the conductivity of the intracellular material, while

low-frequency signals are more sensitive to the extracellular tissue or interstitial fluid conductivity.

As described in [62], [63], biological tissues exhibit characteristic impedance responses across

different frequency bands, commonly referred to as the α , β , γ , and δ dispersions. Notably, the

characteristic frequency for different tissues falls within the α and β bands, typically in the range of
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0–100 kHz. This frequency range forms the basis for the sensing strategy adopted in later work

aimed at differentiating tissue types during CVC procedures.

Before conducting finite element method (FEM) simulations of needle insertion into biological

tissues, it is essential to understand several key factors. These include the intrinsic properties of

biological tissues (as previously introduced), the contact characteristics between electrodes and

tissue, and the equivalent circuit models representing this interface.

-- +++
+
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Fig. 2.7. Electrode–Tissue Interface and Equivalent Circuit Models. (a) Schematic of the
electrode–solution interface showing the inner and outer Helmholtz planes. (b) Equivalent circuit
models for non-Faradaic and Faradaic electrodes, including DLC charge transfer resistance and
Warburg impedance. (c) Representative impedance spectra for faradaic and non-faradaic electrodes:
Nyquist plots (top), impedance magnitude (middle), and phase angle (bottom) versus frequency.

Specifically, when electrodes come into contact with a solution or tissue environment, electrode

polarisation effects occur, as illustrated in Fig. 2.7(a). The first layer formed on the electrode surface

consists of specifically adsorbed small ions (e.g., H+, Cl−) and water molecules, known as the inner

Helmholtz plane (IHP). This is primarily composed of water molecules due to their strong dipole

moment. The second layer, referred to as the outer Helmholtz plane (OHP), consists of hydrated ions

attracted by the electric field. Together, these two layers form capacitive structures that effectively

shield the electrode’s electric field, causing a sharp decay in the field strength beyond this region.

Consequently, the electrode’s sensitivity to external chemical reactions or tissue conductivity

changes is significantly reduced.
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It is worth noting that some studies have introduced large molecules such as polyethylene glycol

(PEG) onto the electrode surface [64]. These molecules do not participate in electric field shielding

but effectively prevent additional hydration layers from forming, thereby expanding the sensitive

region and improving electrochemical impedance measurements.

Overall, the characteristic thickness of this double-layer capacitance (DLC) region is referred to as

the Debye length, defined by Equation 2.2.1.

λD =

√
εrε0kBT
2NAe2I

(2.2.1)

where λD is the Debye length, εr is the relative permittivity of the electrolyte, ε0 is the vacuum

permittivity, kB is the Boltzmann constant, T is the absolute temperature, NA is Avogadro’s number, e

is the elementary charge, and I is the ionic strength of the solution which is described by the equation

below:

I =
1
2 ∑

i
ciz2

i (2.2.2)

In this expression, I is the ionic strength of the solution (in mol/L), ci is the concentration of ion

species i, and zi is the valence (charge) of ion species i. The Debye length primarily depends on the

ionic strength of the solution surrounding the electrode. Under physiological conditions, the thickness

of the electrical double layer is typically less than 1 nm.

The DLC effect described above is represented in the equivalent circuit as CDL, as shown in Fig.

2.7(b). The circuit also includes RCT , which reflects the resistance associated with electron and ion

exchange at the electrode interface, and RS, representing the bulk resistance of the solution.

Electrodes can be classified into two types. The first type, non-Faradaic or polarisable electrodes,

exhibit a very large RCT , effectively preventing charge transfer across the interface. In this case, only

displacement currents are generated, relying purely on the electric field. Some studies have sought to
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further reduce RCT by increasing the electrode–tissue contact area [65], thereby enhancing the DLC

and improving displacement current conduction. This reduction in interfacial impedance improves

the accuracy and quality of the measured signal by better preserving the contribution from RS.

The second type, faradaic or non-polarisable electrodes, allows redox reactions at the electrode

surface, facilitating electron and ion exchange and resulting in a relatively small RCT . In faradaic

electrodes, the influence of Warburg impedance at low frequencies must also be considered. Its

equation is given as follows:

ZW =
σ√
ω
(1− j) (2.2.3)

where σ is the Warburg coefficient, which is related to the diffusion coefficient and concentration

gradient and ω is the angular frequency. Therefore, at low frequencies, the impedance exhibits an

inverse relationship with frequency. The typical impedance responses of these equivalent circuits are

illustrated in Fig. 2.7(c).

Additionally, the choice of electrode configuration—such as the number and arrangement of

electrodes—directly affects the measurement method, each with its respective advantages and

limitations. It is also important to establish appropriate system evaluation metrics. These include

electrode sensitivity analysis, the relationship between impedance measurements and electrode

spatial positioning, and error analysis. To support these analyses, it is essential to first define the

basic impedance measurement model. In general, impedance Z( f ) at a given frequency f can be

expressed as

Z( f ) = R+ jX =
Vo sin(2π f t +φ)

Io sin(2π f t)
(2.2.4)

where Vo and Io are the amplitudes of the voltage and current signals, respectively, and φ represents

the phase difference between them. This relationship forms the basis for interpreting the electrical
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properties of the system under different electrode configurations. Therefore, the following

subsections will systematically analyse different system characteristics and evaluation indicators

based on electrode setup considerations.
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Fig. 2.8. Comparison of two-, three-, and four-electrode configurations for impedance measurements.

2.2.1 Bipolar

The drawbacks of bipolar electrode configurations have been repeatedly discussed in the previous

reviews, primarily due to the significant measurement errors and drift caused by DLC effects. The

corresponding equivalent circuit is shown in Fig. 2.8(a), where ZDL represents the impedance

introduced by the DLC, which critically impacts measurement accuracy. The sensitivity of the

bipolar system can be expressed by the following equation:

Sbipolar =
J2

x + J2
y + J2

z

I2 (2.2.5)

where Jx, Jy, and Jz are the current density components in the x, y, and z directions, respectively,

and I is the total injected current. The depth of investigation (DOI) is defined as the region through

which the majority of the current flows. DOI is linearly dependent on the electrode spacing, but it is

insensitive to the electrode width [66].
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2.2.2 Tripolar

The three-electrode configuration is commonly used for measurements at the electrode surface,

where specific antibodies or biomolecules are immobilised to enable impedance-based detection of

biochemical reactions, indirectly verifying the presence of a target analyte, as shown in Fig. 2.8(b).

As mentioned earlier, Park et al. integrated glucose and pH sensors into a biopsy needle, using a

multi-modal sensor array to enhance the accuracy of image-guided biopsy procedures [51]. In

three-electrode designs, the counter electrode (CE) typically has a larger contact area than the

working electrode (WE), effectively reducing DLC effects at the CE in order to focus the surface

impedance changes on the WE. The reference electrode (RE) is placed close to the working

electrode (WE) to precisely control the WE potential. Additionally, a working source (WS) electrode

is connected to apply a voltage source between the WS and RE, enabling controlled stimulation of

the WE. Some studies have introduced interdigitated capacitive structures to confine over 90% of the

electric field within a 5µm region, improving sensitivity to small biological targets such as bacteria

[67].

Research in this area primarily focuses on optimising electrode structures and surface modifications

to better match the detection space with specific biochemical applications.

2.2.3 Tetrapolar

The four-electrode (tetrapolar) method effectively bypasses the capacitive effects introduced by the

DLC, enabling direct measurement of the solution impedance, which is the primary target in this

study. Although the interface impedance does not directly affect the measured value, it still imposes

a significant load on the current source. Therefore, the current source must maintain a sufficiently

large output voltage swing to ensure stable current injection, which requires careful circuit design

considerations.

In a four-electrode setup, the current is injected through the current electrodes, creating an electric
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field in the solution, while the voltage electrodes measure the local potential difference. The size of

the electrodes influences the measured solution impedance. Smaller electrodes result in a

concentrated current injection region, causing the current to rapidly spread into the surrounding

medium. Consequently, the effective current path volume becomes smaller, leading to an increase in

the measured resistance. Moreover, when using small electrodes, the sensitivity region becomes

highly localised and concentrated. This produces higher electric field gradients, meaning the

measured conductivity tends to represent more local values rather than the bulk average. While the

decrease of electrode size would increase the impedance difference between different solutions,

which enhances the relative signal-to-noise ratio (SNR) against system noise, it also introduces

additional thermal noise, potentially influencing the overall SNR performance. The sensitivity

distribution for a four-electrode configuration can be described by the following equation:

Stetrapolar =
J1 ·J2

I1I2
(2.2.6)

where J1 is the current density vector resulting from the injection through one pair of electrodes,

and J2 is the current density vector obtained by exchanging the injection and measurement electrode

pairs. The sensitivity distribution is then computed based on the interaction of these two current fields.

The DOI is strongly dependent on the electrode setup and can be approximated by the following

expression:

zmedian =
1
2

√(
D1

2
+D2

)2

−
(

D1

2

)2

(2.2.7)

where D1 is the spacing between the current injection electrodes, and D2 is the spacing between the

voltage measurement electrodes.
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2.3 BIOZ Circuits

An impedance measurement system typically consists of two main components. The first is the

analogue front-end (AFE), which includes a voltage-excitation or current-driving circuit, along with

a voltage readout circuit. The second component is the impedance demodulation and control unit,

which extracts the magnitude and phase of the target impedance. It also manages system

configuration through programmable control of parameters such as gain, injection current, and

frequency while supporting flexible switching between various demodulation schemes. Whether

implemented using discrete components or fully integrated through CMOS technology, such systems

can be significantly miniaturised, making them highly suitable for wearable or implantable medical

devices.

2.3.1 Voltage Excitation

There are various methods for generating voltage excitation signals in impedance measurement

systems. Common approaches include using lookup tables with pre-stored sine waves driven by an

MCU or FPGA or directly employing a direct digital synthesis (DDS) module. In contrast to digital

waveform synthesis, analogue signal shaping can be achieved by exploiting CMOS devices

operating in the subthreshold, which exhibit an exponential current-voltage relationship due to

diffusion-dominated conduction. This exponential characteristic allows a triangular input signal to

produce an output waveform that approximates a sine wave [68].The circuits in Fig. 2.9(a) shown in

the image leverage this property of CMOS transistors in the subthreshold region. For applications

requiring chirp signals, a voltage-controlled oscillator (VCO) offers a practical and compact solution

, as it allows the output frequency to be modulated by a control voltage input. The circuit

demonstrates how this can be implemented efficiently by exploiting the subthreshold characteristics

of CMOS devices to achieve both waveform conversion and frequency control in a single design.
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(b) Voltage excitation in AD5940 

(a) Subthreshold triangle wave conversion

Measuring Current

Voltage Excitation

Fig. 2.9. Voltage Excitation Methods for Impedance Measurement. (a) Subthreshold CMOS triangle-
to-sine converter [68]. (b) AD5940 integrated excitation system with DAC and output buffer stages
[69].

A representative example of a voltage-excitation system is the AD5940 by Analogue Devices [69],

as shown in Fig. 2.9(b). It employs a high-speed digital-to-analogue converter (DAC), followed by

amplification and filtering stages, and concludes with a differential-output buffer (DDTA) to generate

accurate voltage signals. Since voltage is injected into the system, a transimpedance amplifier (TIA)

is used in the return path to measure the resulting current. This allows precise current sensing, which

is essential for subsequent impedance reconstruction.

It is important to consider signal quality during excitation, particularly the SNR. Signals that have a
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high crest factor (CF), which looks at the peak of the signal compared to its average value, can show

a high SNR but are also more likely to get distorted in a nonlinear way. Excessive CF can lead to

clipping and harmonic distortion, introducing spurious components into the impedance measurement.

Moreover, the excitation current must remain within medically safe limits to comply with IEC 60601

standards and ensure patient safety.

2.3.2 Current Driving

The voltage excitation circuit mentioned above follows the IEC 60601 safety standards. To meet these

requirements, a series current-limiting resistor is added to ensure the injected current remains within

safe limits. Additionally, coupling capacitors are used to block any DC components from entering

the body. Similarly, when designing current sources, it is important to consider the safety limits for

injected current. The maximum allowable current is defined by the following equation [50], [61]:

I =



100µ Arms 0.1 Hz < f < 1kHz

100 f
1kHz µ Arms 1kHz < f < 100kHz

10 mArms 100kHz < f

(2.3.1)

Compared to voltage excitation, the design of current sources is generally more complex. When

driving high-impedance loads, the stability of the output current may degrade, leading to inaccurate

impedance measurements. In a four-electrode configuration, although electrode polarisation effects

within the measurement region can be neglected, these effects remain significant at the

current-injecting electrodes. The additional impedance introduced by polarisation cannot be ignored

and must be carefully considered during current source design. This requires the current source to

exhibit a high enough output impedance and sufficient load-driving capability.
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Fig. 2.10. (a) Differential master–slave driver with common-mode feedback [70]. (b) Feedforward-
compensated dual-transconductance driver [71]. (c) Howland current source. (d) DDTA enhanced
OTA-based current source [72]. (f) DAC-Based open-drain bidirectional current driver [73]

Another important consideration is the improvement of common-mode rejection. As noted in [50],

differential current sources offer significantly better common-mode interference suppression

compared to single-ended designs. However, achieving perfect symmetry in differential current

sources is challenging in practice. Mismatch between the source and sink paths can result in a

portion of the current leaking through the high output impedance path to ground, generating

excessive common-mode voltage. This may saturate the front-end circuitry and prevent accurate

signal acquisition. To address this issue, the circuit shown in Fig. 2.10(a) employs a master-slave

architecture with common-mode feedback (CMFB) [70]. The slave stage uses an inverting amplifier

referenced to the common-mode voltage (VCM), which dynamically adjusts the sink voltage to match

the source voltage. Specifically, when the open-loop gain of the inverting amplifier at the slave side
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is set to 1, the two voltages are symmetrically distributed around VCM. With identical load

resistances, current conservation is maintained between the source and sink terminals. It is important

to note that this current matching is valid only when ro is much greater than the load resistance.

Under this condition, the current flowing through the load can be approximated as the input current

of the current source, enabling proper current matching through common-mode feedback.

Generally, there are two types of current drivers, including the voltage-controlled current sources

(VCCS) and the DAC-based open-drain current mirror. For VCCS, ideally it should have infinite

output voltage compliance and infinite output voltage impedance throughout the bandwidth and no

nonlinearities. In integrated designs, various types of current drivers have been developed [72], [74].

Actually, except for the source and sink mismatch problem mentioned before. If the output

impedance is not high enough compared to the load, the harmonic components severely degrade the

accuracy of impedance spectra. Additionally, due to internal parasitic capacitance and other

non-idealities, VCCS implementations often introduce phase delay, affecting the accuracy of phase

measurements [61]. To address these issues, several circuits have been proposed. For instance,

feedforward compensation architectures employ dual transconductance stages to generate quadrature

signals, which minimised the phase error of the output current, as shown in Fig. 2.10(b). Although

they can effectively suppress phase distortion of the injection current, these approaches lack

closed-loop control [71]. In discrete implementations, the Howland current source and its enhanced

variants remain widely used for constructing VCCSs in impedance measurement and bioelectric

stimulation systems, as shown in Fig. 2.10(c). A notable circuit design involves feeding the

differential signal from the DAC into a DDTA. At the output stage, a feedback resistor converts the

output current back into a voltage, which is the feedback path to the DDTA. This configuration

ensures that the voltage difference across the resistor matches the input voltage, thereby maintaining

a constant output current regardless of load variations [72]. Compared to a single-ended operational

transconductance amplifier (OTA), this design significantly improves load-driving capability, as
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shown in Fig. 2.10(d). Similarly, in order to improve the OTA stage’s current load capacity, [75]

used a common class AB buffer to provide a push-pull output.

For the DAC-based open-drain current mirror, shown in Fig. 2.10(e), an N-bit binary-weighted array

of PMOS (source) and NMOS (sink) mirrors is gated by a digital control word to realise a

programmable bidirectional current source. Because each branch is connected in open-drain

configuration, the output node remains high-impedance and can swing over almost the full supply

range, granting large voltage compliance [73]. The digitally selectable mirror halves provide fine

amplitude resolution, while intrinsic device matching and cascode stacking keep the output

resistance high enough that the delivered current is practically insensitive to load variations.

2.3.3 Voltage Readout

(a)

(b)

(c)

Fig. 2.11. (a) IA voltage readout circuit using choppers to reduce 1/f noise [76]. (b) IQ demodulation
[77]. (c) Time stamp demodulation [78].

The design of an instrumentation amplifier (IA) should trade off common mode rejection ratio

(CMRR) and linear range. A high CMRR is essential to suppress common-mode noise caused by
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power supply fluctuations or electrode interference. Meanwhile, a wide linear range is crucial to

accommodate the large variations in tissue impedance. If the measured signals fall outside the IA’s

linear operating range, measurement distortion may occur.

In addition, a high SNR is critical for sensitivity. Theoretically, in needle-based impedance

measurement systems, changes in conductivity at greater tissue depths can cause variations in the

measured impedance. However, due to the small sensitivity region of needle electrodes, these

changes are often difficult to detect. A high-SNR detection system can effectively capture such deep

conductivity changes, enabling impedance-based proximity detection of blood vessels as the needle

approaches. To achieve this, chopper-stabilised instrumentation amplifiers (IAs) are commonly used

for voltage readout of target tissues. These amplifiers offer ultra-low noise performance and fine

resolution (<0.1 Ω) [76], [79]. A typical measurement configuration is shown in Fig. 2.11(a) [76],

where the input signal is modulated and subsequently demodulated at the output stage. This

modulation process shifts low-frequency noise components (primarily 1/f noise) to higher

harmonics. By applying a bandpass filter during demodulation, out-of-band noise is effectively

removed, significantly reducing noise energy. Before the source signal goes into the IA, buffers are

needed to isolate the measurement. In addition, the feedback circuits in IA circuits could be

categorised into current feedback and voltage feedback. Current feedback achieves a higher CMRR

but at the cost of increased power consumption. In contrast, voltage feedback provides better

linearity with lower power consumption, making it suitable for low-power applications. The IA

circuit is typically followed by a demodulation stage, which extracts the amplitude and phase

information of the impedance signal directly. Below, several demodulation strategies are introduced.

The first method involves sampling the output signal of the IA using an analogue-to-digital converter

(ADC), which then sends the digital samples to an FPGA or MCU for processing. In this approach,

the input signal is multiplied by two orthogonal reference signals. By applying low-pass filtering to

the results, the in-phase component (I) and quadrature component (Q) are obtained, representing the
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amplitude and phase information, respectively. After one complete single cycle, the accurate

amplitude and phase information can be extracted. It is important to note that the sampling rate of

the ADC must be sufficiently high to ensure adequate resolution and data points for precise

reconstruction, as illustrated in Fig. 2.11(b). This method involves a trade-off between SNR and

demodulation speed. Consequently, various demodulation techniques have been developed to

enhance both accuracy and speed simultaneously [50], [80]. Another approach converts the

amplitude information to the time domain. This method employs three comparators to detect the

zero-crossings of the original input signal, the IA output signal, and the crossing points between the

two signals. A high-frequency counter is used to measure the time intervals between these crossings.

The counter values are then used to compute the phase and amplitude of the current signal [78], as

shown in 2.11(c).

2.4 Robotic-assisted Medical Procedures

A complete system comprises not only multi-sensing technologies and fine circuit designs described

earlier but also automated or auxiliary mechanical structures. Manual operation alone cannot establish

a closed-loop control with the sensing module, which is crucial for real-time feedback and precise

needle positioning. The following sections introduce active and auxiliary multi-sensor integrated

systems designed to enhance the needle insertion process.

2.4.1 Automated Robotic Systems

Robotic venipuncture systems have been developed to improve accuracy and reduce human error in

venous access, particularly for patients with difficult venous access (DVA). Balter et al. [81]

expanded the venipuncture system to a 9-DOF configuration, integrating stereo vision for 3D

mapping, US imaging with Doppler capabilities, and enhanced force sensing (FS). The 6-DOF

gantry and 3-DOF needle manipulator allowed for improved spatial freedom and adaptive kinematic

32



US

Force 
Sensing

VisionVision

BIOZ

Force 
Sensing

(a) (b)

US

Fig. 2.12. (a) 9-DOF PIVC automatic robotic system [81]. (b) dual robotic arm system for CVC [82].

control. Stereo vision enabled 3D vessel mapping and dynamic tracking, overcoming NIR’s depth

limitations. Phantom studies reported a positioning accuracy of 0.22 ± 0.05 mm, and US-guided

tracking achieved 0.004 mm error at 0.5 mm/s and 0.8 mm at 10 mm/s. The enhanced visual

servoing also allowed real-time adjustments to needle trajectory, increasing robustness against vessel

movement, as shown in Fig. 2.12(a). In addition, the CathBot mentioned in Fig. 2.5(c) is a system

that uses BIOZ for detection and then combines a mechanical structure for needle insertion. Both of

them are PIVC application systems for PIVC [42]. Koskinopoulou et al. [82] introduced a fully

autonomous dual-robot collaborative system for CVC, including US, BIOZ, 3D vision, and FS. The

system consists of two Franka robotic arms: one for US scanning and vessel segmentation and the

other for needle insertion with real-time BIOZ monitoring, as shown in Fig. 2.12(b). Experimental

results demonstrated an average RMS error of 1.71 mm during autonomous venipuncture, with high

accuracy in vessel detection. The dual-arm collaboration allows simultaneous scanning and

insertion, reducing misalignment risks and improving targeting for deep veins, making it suitable for

CVC procedures. However, the size limitation of the dual robotic arms has limited access to

practical medical procedures.

Although the aforementioned fully automated robotic systems achieve high precision, their size and

fully autonomous operation often lead to patient discomfort and trust issues [83]–[85]. In contrast,
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robot-assisted procedures with clinician involvement are generally more acceptable to patients.

2.4.2 Auxiliary Robotic Systems

To address this gap, auxiliary robotic systems have been proposed. Leipheimer et al. [86] presented

a hand-held robotic venipuncture device integrating 2D US imaging, miniaturised robotics, FS, and

an electromagnetic (EM) sensing needle loader for peripheral venous access. The device achieved an

87% success rate across 31 participants, with 97% success in non-DVA cases, highlighting its

potential in routine blood draws. The system employs ultrasound for vessel localisation, an inline

force sensor for insertion feedback, and an electromagnetic mechanism for precise needle handling.

The reported needle placement accuracy was 0.23 ± 0.17 mm, demonstrating high precision in

peripheral vein targeting. However, the hand-held design requires completely manual positioning

and alignment, and its structure limits the application for deeper venous targets. This lack of haptic

feedback makes it difficult for the operator to maintain precision during insertion, which has led to

the exploration of haptic technologies to enhance manual control and feedback during medical

procedures. Mieling et al. [87] introduced a collaborative robotic biopsy system combining

trajectory guidance and needle tip force feedback with a 7-DOF KUKA LBR Med 14. It integrates

OCT and machine learning for real-time force sensing. Phantom studies showed 91% detection

accuracy for tissue interfaces, with 5.45 ± 3.31 mm for entry and 9.85 ± 4.89 mm for exit. Despite

its effectiveness, the size of the system limits practical use.

Quesada et al. [88] presented a haptic simulator focused on tissue tearing during laparoscopic

surgery. The system leverages a real-time interactive environment to simulate tissue damage with

force feedback, achieving high responsiveness with a feedback rate of 1 kHz. This simulator

enhances the tactile experience for surgeons during training, allowing realistic interaction with tissue

layers. Ríos-Hernández et al. [89] developed a haptic-based lumbar puncture simulator for medical

training. The system integrates virtual reality with force feedback to simulate needle insertion
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through lumbar tissues, enhancing realism and improving student confidence. The simulator

incorporates real-time tissue deformation and sensory feedback, aiming to reduce error rates during

clinical procedures. Ravali and Manivannan [90] reviewed haptic feedback technologies for needle

insertion simulation. Their study highlighted 6-DOF force feedback for simulating friction, cutting,

and tissue resistance. Classical models like FEM and spring-damper were evaluated for real-time

simulation, demonstrating improved spatial awareness and insertion precision. Haptic has been of

great help in medical simulation and teaching, but although it has great potential in real-time medical

surgery, it still has a long way to go. [91] is a successful commercial case, as illustrated in Fig. 2.13.

AR/VR
Phantom

Haptic

Fig. 2.13. InSimo haptic tutorial case.

The following will compare the performance parameters of those multi-sensor systems, as shown in

Table 2.1. The last column refers to previous work, which will be discussed in detail in the next

chapter.

Table. 2.1. Performance Summary and Comparison of Different Systems

References [42] [81] [82] [86] [87] Work Done

Application PIVC PIVC CVC PIVC Biopsy CVC
Technologies BIOZ US, NIR, FS US, BIOZ, FS, Vision US, EM, FS OCT, Haptic US, BIOZ, Haptic
Needle Electrodes 2 N/A 2 N/A N/A 4
Ave. Operation Time (s) 16.9 N.R. N.R. 90±30 N.R. 22.0
Robotic Automation Semi-Autonomous Autonomous Autonomous Handheld Assistive Assistive
Vein Entry Failure Rate 14±4.9% 0% 0% 13% N/A 0%
σ (mm) N.R. N.R. 0.52 N.R. N.R. 0.35
RMSE (mm) N.R. N.R. 1.71 N.R. N.R. 0.66
Mean Error (mm) N.R. 0.22±0.05 N.R. 0.23±0.17 5.45±3.31 0.56

N/A: Not Applicable; N.R.: Not Reported
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3. A NOVEL HAPTIC-ASSISTED BIOZ NEEDLE

SYSTEM

CVC is one application that needs precise needle guidance. Although its failure rate is now very

low, in regions with scarce medical resources, a precision-guided system is far more valuable than a

costly, experienced physician. Therefore, developing a CVC-specific needle insertion system remains

of great research value.

This chapter presents a haptic-enhanced bioimpedance needle designed for precision navigation in

CVC with millimetre-level accuracy. Specifically, this system integrates BIOZ sensing with a haptic

feedback mechanism to assist clinicians during the catheterisation procedure. Four types of embedded

needle probes were developed for high-sensitivity BIOZ measurement. These probes are integrated

with a compact electronic handle system that enables real-time BIOZ data acquisition and wireless

communication, allowing for immediate tissue classification and haptic feedback to optimise needle

trajectory guidance. In 24 experimental trials involving user participation with a phantom model,

the system demonstrated a 100% success rate in venous entry, achieving a root mean square error

(RMSE) of 0.66 mm and an 87% probability of reaching a position within ±1 mm of the vein’s

centre. The compact and portable design ensures compatibility with clinical environments, laying a

solid foundation for future advancements in robotic-assisted CVC and similar procedures.

As discussed in previous literature, many existing electrical measurement techniques exhibit

instability and are not well-suited for deep vein access, which is critical for CVC procedures. This

limitation primarily stems from two factors. Firstly, most prior research has relied on commercial

electromyography (EMG) needles with concentric electrodes at the tip [39], [40], [53]. In BIOZ

applications, this bipolar electrode configuration typically introduces electrode polarisation effects,

resulting in measurement errors and data instability. In contrast, the four-electrode BIOZ needles
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reported in the literature eliminate polarisation effects. However, these designs primarily target

biopsy applications, with electrodes mounted along the needle shaft, which is unsuitable for needle

navigation and complicates the manufacturing process. Consequently, this chapter focuses on the

development of embedded electrodes tailored to meet the specific requirements of CVC.

Secondly, with US assistance, achieving real-time impedance-based centring of the needle in the

z-direction remains a challenge. Proper needle entry requires the tip to be precisely advanced to the

centre of the vein. Inaccurate depth—whether too shallow or too deep—complicates the subsequent

guidewire insertion, which is a critical step for successful catheter placement during CVC.

Achieving consistent centring solely based on BIOZ data is challenging, prompting the exploration

of multimodal approaches. A dual collaborative robotic arm system integrating US imaging and

bipolar BIOZ sensing for autonomous venous access was reported in the literature, achieving a

positioning RMSE of less than 1.7 mm under laboratory conditions [82]. However, the clinical

translation of this approach is hindered not only by its high cost and bulky equipment but also by the

complexity of regulatory approval and the requirement to establish a robust Quality Management

System (QMS). Beyond compliance with IEC 60601 standards for electrical safety, medical devices

must implement and maintain a QMS in line with ISO 13485 (and FDA QSR 21 CFR 820 in the

U.S.) and satisfy comprehensive regulatory frameworks, such as EU MDR 2017/745 and U.S. FDA

requirements, before they can achieve clinical certification.

This chapter would introduce a unique combination of BIOZ and haptic feedback through an

integrated platform, as shown in Fig. 3.1. The needle employs removable probes inserted in the

needle for BIOZ measurements, which drive a haptic engine to provide tactile cues for centring the

vein along the vertical axis. Unlike the bulky setup of previous systems, this platform is compact and

portable, integrating all electronics into a wireless BIOZ needle handle (BiNH). The handle is

attached to Inverse 3, a haptic device by Haply Robotics (Montreal, Canada), providing an intuitive

and remote solution for better needle navigation in CVC.
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Fig. 3.1. The integrated BIOZ and haptic-driven needle platform for safe and accurate placement of
a central venous catheter (CVC) needle.

3.1 Embedded BIOZ Probe Design
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Fig. 3.2. (a) to (c) show the dimension and the electric connection ways for the planar probe, which
is made from the PCB. (d) also show the same parameters for the AME probe.

Before designing the embedded BIOZ probe, it was necessary to select an appropriate needle type.
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In this study, a 16-gauge needle was chosen, featuring an outer diameter of 1.651 mm and an inner

diameter of 1.194 mm. Based on these dimensions, several compatible probe designs were

developed. All designs were tailored according to current PCB manufacturing processes and the

requirements of additively manufactured electronic circuits (AME) technology provided by Nano

Dimension (Massachusetts, United States). The design details are illustrated in Fig. 3.2, which

presents the specifications of each device.

Fig. 3.3. The FEM 3D model in the COMSOL software.

With the reference needle model established, we can now analyse its sensitivity distribution, DOI,

and its capability to distinguish conductivity variations across different tissue layers. In this section,

the characteristics of the AME probe are investigated through COMSOL simulations. Other probes

exhibit similar performance, with differences primarily in the measured impedance values. For

instance, the planar probe generally demonstrates lower impedance readings. The primary reason for

this difference lies in the electrode size. Specifically, smaller electrodes result in a higher density of

electric field lines near the electrode surface. As a result, the potential difference between two

measurement points increases due to the intensified electric field gradient, leading to higher

measured impedance values. The finite element method (FEM) 3D model in COMSOL is shown in

Fig. 3.3.

39



Table. 3.1. Electrical conductivity and relative permittivity of different tissues and probe materials

Tissue Type Electric Conductivity (S/m) Relative Permittivity (1)

Fat 0.024414 92.885
Skin (dry) 4.5128e-4 1119.2
Skin (wet) 0.065836 15357
Fat 0.024414 92.885
Muscle 0.36185 8089.2
Muscle complex 0.315, 0.105, 0.105 1.31e6, 5.2e5, 5.2e5
Blood 0.7029 5120
Acrylic 1e-18 2.1
Silver 2.21e7 1
Steel 1.74e6 1

The conductivity values used in the aforementioned model are referenced from [92]. The specific

values are listed in Table 3.1. Based on this model, several aspects need to be explored. Firstly, it

is important to determine whether the needle can distinguish impedance differences and the probe

sensitivity when placed in tissues with varying conductivities. As shown in the simulation, when the

needle is inserted into muscle tissue, the measured impedance is approximately 315.45Ω. In contrast,

in the vein region, which has a higher conductivity, the impedance reduces to 167.82Ω. Fig. 3.4

presents the sensitivity heatmap (unit is dB) of the needle in the xz cut plane. The red regions indicate

high sensitivity, while the blue regions represent low sensitivity.

Vein

Impedance: 315.45Ω

Vein

Impedance: 167.82Ω

Fig. 3.4. The heatmap of the sensitivity of the BIOZ probe in vein (left) and in muscle (right).

The figure illustrates that the primary sensitivity region is concentrated around the surface of the
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probe electrodes. However, the image on the right clearly shows that the sensitivity to conductivity

changes is significantly higher in the vein region compared to the surrounding muscle tissue. This is

attributed to the higher conductivity of blood veins, resulting in a greater current density within the

vein compared to the muscle at the same distance. Due to the finite resolution of the FEM mesh,

resolving stable impedance values for micron-scale depth variations near the vein entry point is

challenging. This limitation arises because minor insertion depth changes may fall within the same

mesh element, leading to considerable measurement noise. To address this, we adopted an

alternative approach by interpreting the insertion depth variation as a change in the conductivity

distribution within the probe’s field of view. Specifically, as the needle approaches the vein wall

without penetrating it, the observed conductivity beneath the probe gradually increases. Therefore,

Fig. 3.5 illustrates the impedance variation as the vascular conductivity is swept to simulate the

effect of incremental depth changes.

Fig. 3.5. Impedance variation with electrical conductivity for bare AME probe and outer needle
configurations.

In the simulation, the needle is positioned directly above the vein wall, almost in contact, to better

validate how changes in underlying conductivity affect the measured impedance. To eliminate the

influence of the conductive steel outer needle, a bare AME probe configuration was employed for

verification. The results indicate that under this probe setup, variations in the conductivity beneath

the needle produce significant changes in impedance. This suggests that during needle insertion, it is

possible to detect the proximity of the vein based on impedance changes. As previously mentioned,

41



if the needle is moved further away from the vein and the experiment is repeated, the impedance

variation becomes less pronounced. In practical terms, this implies that the farther the insertion point

is from the vein, the smaller the impedance change will be during insertion. Therefore, a highly

sensitive and low-noise impedance measurement system is crucial to reliably detect these subtle

changes. The word done, however, lacks the capability for proximity-based measurement,

highlighting a critical research gap for the next phase of development.

Fig. 3.6. Impedance variation with electrical conductivity (left) and impedance variation with
frequency (right).

Additionally, some basic sweep simulations in COMSOL are essential. Fig. 3.6 illustrates the

impedance variation as a function of electrical conductivity and frequency sweeps, showing a trend

that aligns with theoretical predictions. After the BIOZ probe was fabricated, its real impedance

readout was analysed. Electrochemical Impedance Spectroscopy (EIS) measurements were

performed over a frequency range of 1 kHz to 1 MHz using an MFIA impedance analyser (Zurich

Instruments, Switzerland). Saline solutions with varying conductivities were prepared by dissolving

1.5 g, 2.5 g, 4.5 g, and 6.5 g of salt in 500 ml of deionised water. This resulted in conductivities of

0.56 S/m, 0.90 S/m, 1.54 S/m, and 2.18 S/m, respectively, as measured by an HI 8733 conductivity

meter (Hanna Instruments, United Kingdom), as shown in Fig. 3.7.

Although all designs could differentiate between various saline concentrations, the closely matched

impedance readouts in the planar probes may hinder subject identification in high-noise

environments. In contrast, the AME probe demonstrates improved SNR across the frequency
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Fig. 3.7. Electrochemical impedance spectroscopy (EIS) measurements of the four probes in four
different saline concentrations. The figure annotates the reference impedance values for an injection
current at 100 kHz.

spectrum. This observation aligns well with the previously FEM-analysed EIS curves, although the

measured impedance values are significantly higher. This discrepancy is likely attributed to parasitic

capacitance between connectors and the introduction of wire impedance during practical

measurements, which can notably affect the readout accuracy. The following section would be based

on this BIOZ probe to build the system.

3.2 System Design

Fig. 3.8 illustrates the complete system structure, which comprises a BiNH, a host laptop, and a

haptic device. The BiNH records impedance data from the BIOZ probe while registering the handle’s
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orientation via the inertial measurement unit (IMU) and transmits the information via Bluetooth low

energy (BLE) 5.0 to the host PC. The host PC also records data from the haptic device, together with

the BiNH data, to determine the needle insertion distance. Additionally, the host PC synchronises all

data for tissue classification and calculates the end force of the haptic device and provides feedback

to the user to indicate that the vein’s central region is reached.

Fig. 3.8. System architecture of the BiNH with the host computer and haptic device.

As illustrated in Fig. 3.8, the BiNH system employs a high-precision impedance readout front end,

the AD5940 (Analogue Devices, Massachusetts, United States), for BIOZ measurements using a

tetrapolar configuration. This setup allows the system to sample at 800 kbps and perform internal

impedance demodulation via discrete Fourier transform (DFT). The AD5940 outputs impedance data

directly in real and imaginary components through SPI communication, providing high-resolution

impedance readings. In this study, a 400mVpk-pk sinusoidal signal at 100 kHz was applied, with the

DFT operating on 4096 points, resulting in an impedance output frequency of 100 Hz. The tetrapolar

connection points from the BiNH, labelled as ±F and ±S, were linked to the BIOZ probe inside

the needle hub via a flexible PCB (FPC) cable (see Fig. 3.1), forming a complete BIOZ needle.

44



The choice of 100 kHz as the operating frequency and 4096 as the number of sampling points was

deliberate. Since the ADC sampling rate of the AD5940 is 800 kbps, this configuration allows the 100

kHz signal to be evenly divided, yielding exactly 512 samples per cycle. This precise division ensures

the sampling window is perfectly aligned with the signal period, eliminating phase discontinuities and

minimising measurement errors. Additionally, 100 kHz falls within the optimal frequency range for

distinguishing tissue types, as reviewed in Chapter 2, making it particularly suitable for impedance-

based tissue differentiation.

The BiNH circuit is further integrated with an ESP32-C6 (Espressif, China) and an IMU MPU6050

(InvenSense, TDK, United States), which incorporates a digital motion processor (DMP) with an

embedded Kalman filter. This configuration provides stable and accurate handle orientation

estimation, with drift limited to less than 1 degree after 20 minutes of continuous movement. To

optimise power consumption while maintaining performance, the BLE notification characteristic is

configured at 30 Hz. At full operational speed, the total power consumption of the system is 203.5

mW, with 178 mW attributed to the BLE module, supporting up to 5 hours of continuous operation.

In light sleep mode, power consumption is reduced to 4.5 mW, extending standby time to over ten

days.

The host PC manages two primary functions:

• Tissue Classification: A thresholding algorithm is used to classify the detected impedance values

into three distinct tissue types: air, muscle, and blood. This real-time categorisation facilitates better

trajectory planning during needle insertion.

• Haptic Force Feedback: As depicted in Fig. 3.8, the multi-threaded data streams from the BiNH

are synchronised and processed by the force feedback algorithm. The total force applied during

needle insertion is calculated as follows:
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−−→
Ftotal = m ·−−→Fdrag +n ·−−−→Fcatch

−−−→
Fcatch = ks ·

(−−−−→
Pnearest −

−−−→
Pdevice

)
−−→
Fdrag = kd ·

−−−−→
Vdevice

(3.2.1)

Here,
−−→
Fdrag and

−−−→
Fcatch represent the force components simulating tactile sensations during tissue

penetration. The coefficients m and n are adjusted according to the detected tissue type to modulate

force perception. The parameters ks and kd are the capture stiffness and drag coefficients,

respectively, and are fine-tuned based on practical scenarios to enhance realism during insertion.

Furthermore, Pnearest denotes the nearest capture grid point, dynamically computed based on a finely

meshed virtual grid structure. This grid-based positioning not only ensures smooth trajectory

adjustments but also mitigates erratic force feedback caused by sudden velocity changes or

gravitational effects. The term Pdevice refers to the current position of the needle, while Vdevice is its

instantaneous velocity. The real-time force feedback mechanism is tightly coupled with both the

impedance data and the needle’s pose, position, and velocity. This synchronisation allows the

operator to sense subtle tissue transitions during insertion, enhancing both precision and safety. As a

result, the system not only improves trajectory accuracy but also provides an intuitive tactile

experience for clinicians, bridging the gap between robotic assistance and manual dexterity.

3.3 Experiment Setup

Based on the complete hardware and software system, two experiments were conducted to evaluate its

performance. The first experiment aimed to validate the real-time capability of the system. A robotic

arm UR3e (Universal Robots, United States) was used to drive the discrete BiNH needle system

into a hydrogel-based phantom. The insertion process was controlled via programmed commands,

setting the UR3e insertion speed to 1 mm/s with a total insertion depth of 25 mm. Prior to the

experiment, the exact thickness of the phantom was measured, allowing for precise estimation of the
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needle’s position during insertion and the expected moments of impedance changes. By continuously

acquiring and recording impedance data throughout the insertion process, the real-time performance

of the system could be effectively assessed. The collected impedance data were then plotted on a

single graph, clearly illustrating the moment of transition as the needle penetrated different layers

within the phantom. This experimental setup is illustrated in Fig. 3.9.

Fig. 3.9. Robotic arm insertion experimental setup.

The testing phantom, as depicted in the figure, consists of two hydrogel layers simulating muscle

and blood tissues. The muscle hydrogel was prepared by mixing 15 g of agar, 0.6 g of salt, and 500

ml of water, while the blood hydrogel contained 15 g of agar, 4.5 g of salt, and 500 ml of water.

These two layers were stacked vertically to form the test phantom, representing the tissue structure

for evaluation. As mentioned earlier, it is assumed that the vascular position along the x-axis is pre-

determined using US imaging. The primary objective of this experiment is to utilise the BIOZ sensing
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system to precisely locate the vascular centre along the z-axis during insertion. This is the reason why

the phantom was designed with a flattened, layered structure.

The second experiment was conducted using the same hydrogel-based phantom as in the first

experiment. However, the primary distinction lies in the use of a haptic device combined with a

graphical user interface (GUI) to facilitate user-interactive needle insertion, as shown in Fig. 3.10.

Fig. 3.10. User-controlled experimental setup.

The experiment involved user-controlled needle insertion into the vein centre under three different

conditions:

• Unaided Insertion (case 1): In this scenario, participants inserted the needle manually without

any visual or haptic assistance. The only sensory feedback came from tactile sensations as the

needle punctured the muscle layer and entered the vein. Participants were only informed about the

approximate thicknesses of the muscle (2 cm) and the vein (1 cm) layers, mimicking conventional

CVC procedures.

• Impedance-Guided Insertion (case 2): In the second case, a real-time graphical user interface
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(GUI) displayed the BIOZ data measured from the phantom during insertion. Although no haptic

feedback was applied, the impedance changes corresponding to different tissue types (muscle and

vein) were visually represented, allowing participants to identify the tissue transition points more

easily. The aim was to evaluate the benefit of impedance-based visualisation on the accuracy and

speed of CVC.

• Haptic and Impedance-Guided Insertion (case 3): The final case introduced both haptic

feedback and real-time impedance visualisation. The haptic device applied varying resistance

based on the measured impedance changes. For instance, when the needle approached or entered

the vein, a noticeable increase in resistance was applied, mimicking the sensation of penetrating

vascular tissue. This real-time force feedback provided a more intuitive experience, allowing

participants to adjust insertion force accordingly and avoid overshooting the vein. When the

needle tip is close to the centre of the vein, the user would feel a high-resistance wall to prevent

further insertion.

Prior to the experiment, participants received brief instructions but were not allowed to practise with

the device, ensuring that learning biases were minimised. The order of the three conditions was

randomised for each participant to further reduce potential biases. Each condition was repeated 24

times across 8 participants, none of whom had prior experience with CVC procedures. Ethical

approval for this study was obtained from the Ethics Committee of University College London (ID:

27647/003). Additionally, the system is designed to accommodate more conventional CVC needles,

such as the 18-gauge variant, by scaling the probe size accordingly. This flexibility suggests that the

system is adaptable to standard clinical equipment, enhancing its potential for clinical translation.

49



Fig. 3.11. Impedance (blue curve) and insertion distance (red curve) as functions of time during
needle insertion. The sequential images show the needle’s position at different time points,
corresponding to the red markers on the curves.

3.4 Results and Discussion

The results of the first experiment are illustrated in Fig. 3.11, which shows the impedance variation

and the robotic arm’s insertion distance as a function of time. At an insertion depth of 0 mm, the

needle tip is just touching the phantom interface. As the insertion progresses, the impedance

increases steadily until puncture occurs, after which it drops abruptly and stabilises once the needle

fully crosses the interface. This behaviour is attributed to changes in the contact area and insertion

force between the hydrogel and the electrode, as well as ion exchange between the hydrogels, which

gradually reduces conductivity near the contact surface. With precise robotic control, the exact point

at which the needle enters the blood-mimicking hydrogel is accurately determined. Upon reaching

the final insertion position, stable impedance readings were observed. These empirical impedance
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parameters were subsequently used to adjust thresholds for reliably distinguishing between different

tissue types in further experiments. The impedance update interval is 10 ms. Combined with control

communication and processing time, the system achieves an update rate of over 90 fps, ensuring

real-time responsiveness. Overall, the impedance variation correlates with the insertion depth,

validating the system’s real-time performance.

Fig. 3.12. Impedance variation with insertion depth for three characteristic samples

As for the second experiment, multiple outcomes were observed where the needle was misplaced, as

illustrated in Fig. 3.12. The first two results show that the needle completely penetrated the vessel

and entered the air region. This phenomenon occurred most frequently in Case 1, primarily due to
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the operator’s lack of awareness regarding the insertion depth, leading to vessel perforation. Another

outcome observed was premature stopping, which was most common in Case 2. Although impedance

feedback was available, the operator’s uncertainty about the exact insertion depth resulted in the

needle halting prematurely in the upper region of the vessel. In contrast, Case 3 demonstrated the

highest success rate, with the needle consistently positioned at the centre of the vessel.

Fig. 3.13. Impedance Variation with Insertion Depth for Three Characteristic Samples

Fig. 3.13 presents a box plot illustrating the final needle tip positions across 24 trials for each

experimental case. Statistical analysis using absolute insertion distance error, t-statistics, and

p-values clearly indicates that Case 3 achieved the highest insertion accuracy. Specifically, without

any assistance, only 68% of the trials successfully accessed the vein. This success rate significantly

increased to 95.45% with the aid of tissue classification and further improved to 100% with the

addition of haptic feedback. Within the vein region, the centre is defined as being within ±10% of

the vein radius (i.e., within ±1 mm of the vein centre), which is highlighted with green bars in the

plot. Case 3 again demonstrated the highest centring accuracy, achieving 86.7%, whereas Case 1 and

Case 2 achieved only around 16%. For Case 3, the system’s navigation accuracy was quantified with

a standard deviation (σ ) of 0.35 mm, a root mean square error (RMSE) of 0.66 mm, and a mean

error (ME) along the vertical axis of 0.56 mm. The complete results for the experiment in three cases

are shown in Table 3.2.

52



Table. 3.2. Vein Entry Rate and Central Vein Region Rate Comparison for Different cases

Metrics Case 1 Case 2 Case 3

Enter Vein Rate 68% 95.45% 100%
Central Vein Region Rate 16% 16% 86.7%

3.5 Conclusion

This paper introduces an innovative BIOZ-guided haptic needle system specifically designed for

CVC procedures. To enhance the performance of the embedded tetrapolar measurement, four

distinct probes were developed and validated, including a high-SNR AME probe capable of

distinguishing varying conductivity levels. The system, compact and portable, enables real-time

BIOZ analysis and needle orientation tracking while seamlessly integrating with a haptic device for

CVC applications. Experimental validation on phantom models demonstrated a 100% success rate in

venous entry, along with an 87% centring accuracy. Across 24 trials, the system achieved a vertical

insertion RMSE of 0.66 mm. These results indicate that the proposed platform has the potential to

significantly enhance CVC procedures, enabling faster, more reliable operations that benefit both

clinicians and patients.
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4. FUTURE WORK

4.1 Hypothesis of Study

This chapter presents the work plan for the remaining phases of the PhD research. As discussed in

Chapter 3, the preliminary efforts were limited to prototype validation. Following this, we would

identify the principal gaps that persist in this field and formulate clear hypotheses to address them.

We then outline proper methodologies that will push the research frontier and close these gaps.

4.1.1 Electrode Design and Algorithms

Hypothesis 1: By arranging electrodes along both the axial and radial directions and by optimising

injection strategies and electrical impedance tomography (OEIT) algorithms, we could extend

measurement detail and enlarge the sensitivity space along the needle.

OEIT is an extension of EIT, in which electrodes placed on medical tools like needles or catheters are

used to reconstruct the surrounding tissue’s conductivity distribution outward from the probe [93].

A key challenge in our current research is that the effective sensitivity volume around each electrode

on the needle shaft is extremely limited, restricting OEIT reconstructions [93] to only the immediate

vicinity of the needle surface. This limitation reduces the meaningfulness of the image

reconstructions in comparison with a single-site impedance recording. To address this, we propose

the electrode layout shown in Fig. 4.1. Electrodes are distributed axially and radially along the

needle. Multiple ring electrodes at different axial positions enable true three-dimensional OEIT

measurements. Luo et al. mounted 32 electrodes on a 5 mm catheter and used OEIT to detect

lipid-rich plaques in blood vessels [93]. They built a finite-element mesh in EIDORS, discretised the

Laplace equation, and solved for conductivity via Gauss–Newton regularisation. Despite this, they

54



may still not accurately detect small, distant lipid plaques. The root cause was the small sensitivity

region of conventional methods and the lack of structural prior information to enhance imaging.

Shen et al. tackled the problem of defining a finite domain for OEIT’s infinite external region. They

mapped the external space to a unit polar circle, ensuring that all measurements contribute to the

reconstruction. They also used B-spline boundary priors for rapid contour estimation. By restricting

Landweber iterations to the region of interest (ROI), they reduced computational load, though at the

cost of more iterations [94]. This approach boosted OEIT efficiency but still suffered from limited

sensitivity and required manual tuning of the ROI threshold without feedback. Zamani et al.

improved precision by automatically generating an airway-tree skeleton as a prior [95]. They

computed impedance only within that skeleton, effectively suppressing background noise.

Inspired by these advances, we propose to fuse ultrasound-derived boundary priors with our multi-

electrode needle. The ultrasound map will inform a refined ROI that closely follows the surrounding

tissue interface. Coupled with the new axial and radial electrode rings, this strategy should enlarge the

OEIT sensitivity volume and permit deeper impedance sampling along the needle tip. Finally, we will

integrate multi-frequency measurements [39] to perform differential imaging and capture additional

structural details. Additionally, related circuit systems should also be developed to fit the real-time

and high-speed bioimpedance demodulation and conductivity matrix reconstruction.

isolation

electrode

needle

needle

electrode

isolation

Fig. 4.1. A suggested new electrode design.
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4.1.2 Ultrasound Reconstruction Algorithms

Hypothesis 2: By employing IMU and visual calibration drift errors, empowered by diffusion AI

models and other image processing neural network models, the work aims to advance current 3D

model construction of human tissue using ultrasound.

Many studies focus on single structures, such as bone, blood vessels, or common organs volumetric

reconstruction [14], [96]–[98]. A few works have addressed nerve modelling [99], [100], and U-Net

and its variant M-Net can now segment target nerves in isolation [101]. However, comprehensive

structural segmentation and modelling of multiple tissue types remain unexplored gaps. Specifically,

freehand scanning introduces poorly compensated positioning errors, while real-time segmentation

and reconstruction of various tissues can impede the system’s real-time performance. To address

these challenges, our system integrates IMU and visual tracking for motion compensation, alongside

self-supervised learning and deep implicit networks [102], [103]. We would also employ

continuous-frame convolutional neural networks to guide real-time diffusion updates and accelerate

reconstruction. Ultimately, this approach enables freehand ultrasound to achieve online or

near-real-time 3D structural reconstruction. With the aid of a detailed 3D reconstructed tissue model,

we can design accurate needle path strategies, including insertion angles, minimally invasive

trajectories, and necessary detours around nerves.

4.1.3 3D Haptic Guidance Algorithms

Hypothesis 3: By incorporating a mechanical model of the needle, enforcing a centreline algorithm

during insertion, and applying reinforcement learning (RL) for path and force–feedback adjustment,

together with realistic tissue force simulation, we can achieve more accurate needle guidance.

Zamani et al. applied a 2.5D multi-view centreline navigation technique to cochlear electrode

insertion. They computed the distance from the electrode tip to both the inner and outer walls of the

scala tympani, the probability of forward-wall collision, and the insertion orientation angle. This
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method enabled accurate centreline following and significantly reduced the risk of soft tissue injury

[104]. However, it only tracked the leading electrode tip, neglecting the rotation and deformation of

subsequent contacts. These unmodelled effects can introduce unpredictable electrode positioning

errors. Abbasi-Hashemi et al. used online learning to map the catheter’s spatial location to a

synthetic force vector, which was then converted into actuator commands via a Jacobian matrix

[105]. However, the system’s real-time performance and transferability across different settings

remain insufficiently validated. To address these limitations, we propose using reinforcement

learning to adapt the needle trajectory and haptic force feedback in response to dynamic

bioimpedance and ultrasound data. This will be integrated with an optimised centreline navigation

algorithm to continuously guide the needle tip along the optimal 3D trajectory. Additionally, we will

model the needle’s mechanical properties to compensate for tip-induced displacement errors.

Reinforcement learning can adapt the needle trajectory and haptic force feedback in response to

dynamic bioimpedance and ultrasound data [105], but its performance depends critically on update

rate. To address these limitations, we will model the motion and deformation of multi-electrode

segments. We will synthesise their behaviour using the needle’s mechanical properties to counteract

tip-induced displacement errors. We also integrate RL with an optimised centreline navigation

algorithm. This combined approach continuously guides the needle tip along the optimal 3D

trajectory.

Current haptic studies often remain confined to 2D tactile feedback or simple elastic constraints along

the z-axis [87]. Few studies simulate and amplify reaction forces in layered tissues. To overcome

this, we would implement full 3D haptics, allowing the needle tip to move within a virtual tube. We

introduced three force components in Chapter 3. Based on those, we proposed piercing force captures

the abrupt resistance
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F⃗pierce =


ks

(
R−

∥∥∥P⃗tip − P⃗vessel

∥∥∥) P⃗tip −P⃗vessel

∥P⃗tip −P⃗vessel ∥ ,
∥∥∥P⃗tip − P⃗vessel

∥∥∥< R

−→
0 ,

∥∥∥P⃗tip − P⃗vessel

∥∥∥≥ R

(4.1.1)

where ks is the stiffness, R is the vessel radius, P⃗tip is the needle-tip position updated at 200 Hz, and

P⃗vessel is the real-world vessel position. Meanwhile, insertion friction captures the viscous resistance

encountered as the needle advances through tissue. Its magnitude varies with tip speed and is given

by:

F⃗insert =


−kd v⃗tip , δ < 0

−→
0 , δ ≥ 0

(4.1.2)

where kd denotes the damping coefficient, v⃗tip the instantaneous tip velocity and δ is a penetration

indicator, meaning if it is in a specific tissue. Together, these two force components reproduce both

the sudden resistance of tissue puncture and the continuous drag during insertion.

Fpath = nksξ û+mkd v⃗tip û (4.1.3)

whereξ is the unit radial displacement, and m, n are the weighting factors tuned to optimise haptic

fidelity.

Finally, these force components are integrated to drive a real-time haptic interface that continuously

computes an optimal 3D insertion trajectory and tissue reaction. As the needle approaches sensitive

anatomy, the system renders gentle corrective forces to guide it back toward the planned path (see

Fig. 4.2). By blending rapid, precomputed tissue responses with on-the-fly trajectory adjustments,

our method would provide smooth, clinically realistic tactile cues and help operators maintain safe

insertion angles throughout the procedure.
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Thoracic Nerve, Cervical Spine Nerve

Needle

Fig. 4.2. 3D needle trajectory within a haptic constrict tube (green).

4.2 Next Step

Based on the hypothesis outlined above, the next immediate step will be to build the core system and

algorithmic framework of the envisioned system. Starting with the realisation of proof-of-concept

functionality, then develop and refine more advanced algorithms mentioned in this chapter, addressing

each hypothesis in depth. The basic system is shown in Fig. 4.3.

In this system, optical tracking is used to determine the relative position between the ultrasound

probe and the needle. Additionally, a single ultrasound B-mode scan provides vessel and tissue size

information through spatial rotation and scaling, allowing the target insertion point to be marked

directly on the image.

In theory, with a fixed needle insertion angle, this information enables accurate targeting of the

desired location. However, due to anatomical variability and non-uniform sub-surface tissue

thickness, additional sensing is required. Bioimpedance data are employed to detect the precise

moment of vessel entry, triggering a high-priority update of the 3D haptic force.

The haptic interface enforces a virtual constraint, guiding the user to insert the needle at a precise

coordinate that yields a trajectory closely aligned with the target. This insertion point can later be

recalculated based on more advanced 3D path planning strategies.
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Fig. 4.3. Structure of the proposed system. (a) The blue dashed lines indicate the target insertion
centre of the vein along the z- and y-axes. Orange variables and arrows represent haptic corrections
that constrain the needle to the correct insertion point and depth, compensating for initial needle
positional deviations. (b) illustrates constraints along the x-axis. The green region denotes
haptic force limiting the insertion path; this path may induce needle deflection, leading to x-axis
inaccuracies. Real-time curvature calibration of the green insertion path is therefore required to
correct these errors.

4.3 Challenges in Next Step

Current foreseeable challenges can be categorised into two main aspects. The first concerns the

system’s need to process large volumes of data, including high-speed BLE bioimpedance signals,

IMU measurements, and image data such as optical marker images and ultrasound scan frames,

along with the associated post-processing algorithms. While simultaneously executing control

algorithms, precise synchronisation of these multi-modal data streams is essential to maintain

sub-millimetre accuracy. Furthermore, the parallel execution of multi-sensor processing pipelines

introduces significant latency constraints. Addressing these issues requires engineering solutions that

incorporate accelerated processing strategies, multi-threaded architectures, and synchronised data

structures to ensure system efficiency and stability.

The second major challenge lies in the manufacturing process and packaging of the probe. Given that

the needle diameter is in the millimetre range and the embedded BIOZ probe dimensions reach as

small as 50 µm, mechanical strength becomes a critical issue. As previously discussed, the AME-
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based probe demonstrated limited mechanical robustness. Therefore, it is crucial to explore more

durable manufacturing techniques for optimised needle design. One potential solution is to transition

the embedded design to a deposition-based approach, where insulating layers and conductive metals

are layered directly onto the needle shaft. This strategy may require collaboration with external

partners to acquire more reliable needle systems. Additionally, moulding techniques assisted by 3D

printing can be investigated to enhance structural design. Finally, partnering with well-established

microfabrication and integrated circuit packaging companies may facilitate the realisation of high-

strength probes based on the proposed design.

4.4 Publications

The author intends to publish a minimum of two journal articles, along with multiple conference

papers, to systematically present the research findings at each stage of the PhD study.

4.5 Gantt Chart

To provide a clearer overview of the PhD project timeline, a Gantt chart is shown below. This chart

presents the four-year research process and highlights key milestones. Although the final months

allocated for thesis writing and revisions are not depicted, they follow the main research activities.

In the chart, dark grey segments denote primary tasks currently in focus, while light grey segments

represent secondary tasks that generally run in parallel during this period.
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