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ABSTRACT 

Electrical impedance tomography (EIT) is an imaging modality which is sensitive to neural activity and 

can resolve multiple concurrent changes in impedance in a sample, two attributes which make it a 

promising candidate for investigation in peripheral nerve interface applications. In nerve cuffs for control 

of advanced robotic prostheses, replicating the complex dexterity of humans requires real time 

determination of multiple concurrent sites of neural activity in the peripheral nerves of the arm. The 

goals of this thesis address two areas associated with real time EIT in nerve cuffs: (i) improving the 

signal to noise ratio, and (ii) frequency multiplexing of EIT drive currents.  

In Chapters 1 and 2, an introduction to neural prosthetics and literature review of electrical impedance 

tomography of neural activity, respectively, are presented, followed by a short overview of the thesis in 

Chapter 3. In Chapters 4 – 6, a finite element (FE) model was used to generate data for the forward 

and inverse problems to evaluate feasibility of the application and determine experiment parameters. 

Chapters 7 – 9 present three in vitro studies on sciatic nerve of rat. In Chapter 7, the frequency roll 

off of the baseline impedance is measured and used to estimate the operating frequency range for 

frequency division multiplexing (FDM). In Chapter 8, the signal processing steps in FDM were 

analysed. In Chapter 9, a novel modification to the current source was investigated which improves 

the signal to noise ratio and potentially extends the operating frequency range.  

Modelling of nerve fibers under longitudinal and transverse currents indicated a highly anisotropic 

impedance that produced a tradeoff between the fraction change in impedance during neural activity 

and the start of the frequency roll-off from capacitive charge transfer.  When this impedance 

anisotropy was input into a finite element model of EIT in a nerve cuff, longitudinal currents 

produced a larger signal to error ratio but poorer spatial resolution than transverse currents; although 

when the current-limits of neural tissue were accounted for (longitudinal: 30 µA; transverse: 150 µA), 

the signal to error ratio was broadly comparable for both currents. In vitro experiments on cadavers, 

with stimulation of the paw and EIT recording in the sciatic nerve, indicated the number of parallel 

drive currents in a frequency division multiplexed system is limited by a narrow operating frequency 

range and relatively broad frequency spectra of neural activity, which, in turn, limits the achievable 

spatial resolution. 

The results indicate further improvements in signal to noise ratio and additional methods of 

multiplexing drive currents are needed to realize EIT in a nerve cuff for neural prosthetics. 



iv 



v 

ACKNOWLEDGEMENTS 

The work presented in this thesis would not have been possible without the helpful advice, discussions, 

and hands on assistance from many people. In this regard, I would like to thank: 

 My supervisors, Andrew McDaid and Frederique Vanholsbeeck, for their guidance in all aspects 

of conducting and reporting research.

 The Mechanical Engineering Technicians: Logan Stuart, Emanuele Romano, and, with 

particular gratitude, Marshal Lim, for their discussions on hardware selection, and the practical 

implementation of ideas.

 Amorita Volschenk and her team in the School of Biological Sciences, with particular gratitude 

to Chris, for their help with experiments.

 David Holder, Kirill Aristovich, Chris Chapman, Adam Fitchett, and rest of the EIT group at 

University College London, for providing electrode arrays and current source for use in 

experiments, and for their willingness to share their technical expertise in the area of neural 

EIT.

 Darren Svirskis in the Faculty of Medical and Health Sciences for his generosity in providing 

materials and equipment for electroplating the electrode arrays, and Zaid Aqrawe and Mahima 

Bansal for their time and patience in training on its use.

 Bastian Braeuer and Matt Brown in the Department of Physics for building and rebuilding, 

respectively, the optical coherence tomography microscope, and training on its use.

 Samuel Richardson, Toan Pham, Kevin Howe from the Auckland Bioengineering Institute for 

coordinating and providing ex vivo nerve tissue samples.

 Satya Amirapu in the Faculty of Medical and Health Sciences for providing guidance on tissue 

handling, and for preparing tissue for histology.

 The Dodd Walls Centre for their generous financial support through the travel award scheme, 

which co-funded field trips and conference attendance.

 My peers in the Medical Devices and Technologies Group and Old Choral Hall for enriching 

this experience.

 And last, but definitely not least, my friends and family for their STAMINA, support, 

and encouragement.



 

vi 
 

 

TABLE OF CONTENTS 

 

 
Abstract --------------------------------------------------------------------------------------------------------- iii 

Acknowledgements ------------------------------------------------------------------------------------------ v 

Table of Contents ------------------------------------------------------------------------------------------- vi 

List of Abbreviations ---------------------------------------------------------------------------------------- xi 

List of Tables ------------------------------------------------------------------------------------------------ xiii 

List of Figures ----------------------------------------------------------------------------------------------- xiv 

Co-Authorship Forms ------------------------------------------------------------------------------------ xviii 

Publisher approvals ---------------------------------------------------------------------------------------- xix 

1. Introduction to peripheral nerve interfaces and neural prosthetics ----------------------- 1 

1.1. Background and motivation --------------------------------------------------------------------- 1 

1.1.1. Population ----------------------------------------------------------------------------------------------- 1 

1.1.2. Prosthetic limbs ---------------------------------------------------------------------------------------- 1 

1.1.3. Neural-prosthetics ------------------------------------------------------------------------------------- 2 

1.2. The peripheral nervous system (PNS) -------------------------------------------------------- 3 

1.3. Peripheral nerve interfaces ---------------------------------------------------------------------- 5 

1.3.1. Performance -------------------------------------------------------------------------------------------- 5 

1.3.1.1. Selectivity -------------------------------------------------------------------------------------------- 5 

1.3.1.2. Invasiveness ---------------------------------------------------------------------------------------- 5 

1.3.1.3. Chronic stability------------------------------------------------------------------------------------- 6 

1.3.1.4. Evidence or performance ------------------------------------------------------------------------ 6 

1.4. Recording with nerve cuffs ---------------------------------------------------------------------- 9 

1.4.1. Electrode configuration ------------------------------------------------------------------------------ 9 

1.4.2. Signal processing ----------------------------------------------------------------------------------- 10 

1.4.2.1. Spatial origins ------------------------------------------------------------------------------------- 10 

1.4.2.2. Physiological function --------------------------------------------------------------------------- 11 

1.4.2.3. Feature sorting ----------------------------------------------------------------------------------- 11 

1.4.2.4. Characterizing the amount of neural activity ---------------------------------------------- 12 

1.5. Summary: Peripheral nerve recordings ---------------------------------------------------- 12 

1.6. Conclusion ---------------------------------------------------------------------------------------- 13 

2. Review of electrical impedance tomography (EIT) of neural activity ------------------- 14 

2.1. Introduction to EIT imaging of neural activity---------------------------------------------- 14 

2.1.1. Technologies for imaging neural activity ------------------------------------------------------ 15 



 

vii 
 

2.2. Principle of EIT ----------------------------------------------------------------------------------- 16 

2.2.1. Forward EIT solution ------------------------------------------------------------------------------- 17 

2.2.2. Inverse EIT solution -------------------------------------------------------------------------------- 18 

2.3. Bio-impedance------------------------------------------------------------------------------------ 20 

2.3.1. The impedance signal: transient impedance changes during neural activity --------- 20 

2.3.2. Demodulating the impedance signal ----------------------------------------------------------- 21 

2.3.2.1. Phase – antiphase subtraction --------------------------------------------------------------- 21 

2.3.2.2. Band pass filter – Hilbert transform --------------------------------------------------------- 22 

2.4. System configuration ---------------------------------------------------------------------------- 23 

2.4.1. Imaging modes -------------------------------------------------------------------------------------- 23 

2.4.1.1. Static EIT ------------------------------------------------------------------------------------------ 23 

2.4.1.2. Frequency difference EIT ---------------------------------------------------------------------- 23 

2.4.1.3. Time difference EIT ----------------------------------------------------------------------------- 23 

2.4.2. Multiplexing ------------------------------------------------------------------------------------------- 24 

2.4.2.1. Time division multiplexing --------------------------------------------------------------------- 24 

2.4.2.2. Frequency division multiplexing -------------------------------------------------------------- 26 

2.4.2.3. Phase division multiplexing ------------------------------------------------------------------- 26 

2.4.3. Electrode configuration ---------------------------------------------------------------------------- 26 

2.4.3.1. Transcranial electrodes ------------------------------------------------------------------------ 26 

2.4.3.2. Epi-cortical electrodes -------------------------------------------------------------------------- 26 

2.4.3.3. Intra-cortical electrodes ------------------------------------------------------------------------ 27 

2.5. EIT imaging of neural activity in the mammalian peripheral nerve ------------------- 27 

2.5.1. Existing work ----------------------------------------------------------------------------------------- 27 

2.5.2. Outline for investigation --------------------------------------------------------------------------- 28 

2.6. Summary: Electrical Impedance Tomography -------------------------------------------- 29 

2.7. Conclusion ----------------------------------------------------------------------------------------- 30 

3. Thesis overview ------------------------------------------------------------------------------------- 31 

3.1. Purpose -------------------------------------------------------------------------------------------- 31 

3.2. Overview of Chapters --------------------------------------------------------------------------- 31 

3.2.1. Finite element model ------------------------------------------------------------------------------- 31 

3.2.2. Frequency division multiplexing ----------------------------------------------------------------- 32 

3.2.3. Signal to noise ratio -------------------------------------------------------------------------------- 32 

4. Extracting morphometric information using optical coherence tomography ---------- 34 

4.1. Introduction ---------------------------------------------------------------------------------------- 34 

4.2. Materials and Methods ------------------------------------------------------------------------- 36 

4.2.1. Tissue preparation and handling ---------------------------------------------------------------- 36 

4.2.2. Microsphere samples ------------------------------------------------------------------------------ 36 

4.2.3. OCT image acquisition and processing ------------------------------------------------------- 37 

4.2.4. Histological analysis by light microscopy------------------------------------------------------ 37 

4.2.5. Average depth resolved profile (ADRP) technique ----------------------------------------- 38 

4.2.6. Autoregressive spectral estimation (AR-SE) technique ----------------------------------- 39 



viii 

4.2.7. Correlation of the derivative spectral estimation (CoD-SE) technique ----------------- 40 

4.3. Results --------------------------------------------------------------------------------------------- 41 

4.3.1. Epineurium thickness ------------------------------------------------------------------------------ 41 

4.3.1.1. Histological analysis ----------------------------------------------------------------------------- 41 

4.3.1.2. Average depth resolved profile (ADRP) techniques ------------------------------------- 44 

4.3.1.3. Autoregressive spectral estimation (AR-SE) technique -------------------------------- 44 

4.3.1.4. Correlation of the derivative spectral estimation (CoD-SE) technique -------------- 46 

4.3.2. Fibre diameter distribution ------------------------------------------------------------------------ 46 

4.3.2.1. Histological Analysis ---------------------------------------------------------------------------- 46 

4.3.2.2. Autoregressive spectral estimation (AR-SE) technique -------------------------------- 48 

4.3.2.3. Correlation of the derivative spectral estimation (CoD-SE) technique -------------- 50 

4.3.3. Adipose tissue identification ---------------------------------------------------------------------- 52 

4.3.3.1. Average depth resolved profile (ADRP) technique -------------------------------------- 52 

4.3.3.2. Autoregressive spectral estimation (AR-SE) technique -------------------------------- 52 

4.3.3.3. Correlation of the derivative spectral estimation (CoD-SE) technique -------------- 53 

4.4. Discussion ----------------------------------------------------------------------------------------- 53 

4.5. Conclusion ---------------------------------------------------------------------------------------- 55 

5. Model of electrical impedance tomography in a nerve cuff ------------------------------- 56

5.1. Introduction ---------------------------------------------------------------------------------------- 56

5.2. Methods -------------------------------------------------------------------------------------------- 57

5.2.1. Membrane Conductivity---------------------------------------------------------------------------- 57 

5.2.1.1. Unmyelinated Fibre Membrane --------------------------------------------------------------- 58 

5.2.1.2. Myelinated Fibre Membrane ------------------------------------------------------------------ 59 

5.2.2. Transverse Fibre Impedance  -------------------------------------------------------------------- 60 

5.2.3. Longitudinal Fibre Impedance -------------------------------------------------------------------- 62 

5.2.4. Nerve Tissues ---------------------------------------------------------------------------------------- 63 

5.2.5. Electrical Impedance Tomography Forward and Inverse Problems -------------------- 65 

5.2.6. Electrical Impedance Tomography Electrode Drive and Measurement Pattern ----- 67 

5.3. Results --------------------------------------------------------------------------------------------- 69 

5.3.1. Membrane Conductivity---------------------------------------------------------------------------- 69 

5.3.2. Transverse Fibre Impedance --------------------------------------------------------------------- 70 

5.3.3. Longitudinal Fibre Impedance -------------------------------------------------------------------- 73 

5.3.4. Nerve Tissues ---------------------------------------------------------------------------------------- 75 

5.3.5. Electrical Impedance Tomography -------------------------------------------------------------- 76 

5.4. Discussion ----------------------------------------------------------------------------------------- 77 

5.4.1. Limitations of the modelling ----------------------------------------------------------------------- 79 

5.5. Conclusion ---------------------------------------------------------------------------------------- 79 

6. Drive and measurement electrode Patterns ------------------------------------------------- 81

6.1. Introduction ---------------------------------------------------------------------------------------- 81

6.2. Methods -------------------------------------------------------------------------------------------- 82

6.2.1. EIT Forward Solution ------------------------------------------------------------------------------- 82 



 

ix 
 

6.2.2. EIT Inverse Solution -------------------------------------------------------------------------------- 83 

6.2.3. Drive and Measurements Patterns ------------------------------------------------------------- 84 

6.2.4. Performance metrics ------------------------------------------------------------------------------- 85 

6.3. Results --------------------------------------------------------------------------------------------- 86 

6.4. Discussion ----------------------------------------------------------------------------------------- 89 

6.4.1. Limitations -------------------------------------------------------------------------------------------- 91 

6.5. Conclusion ----------------------------------------------------------------------------------------- 92 

7. Operating frequency range in peripheral nerve --------------------------------------------- 93 

7.1. Introduction ---------------------------------------------------------------------------------------- 93 

7.2. Methods -------------------------------------------------------------------------------------------- 94 

7.2.1. Tissue Preparation and Handling --------------------------------------------------------------- 94 

7.2.2. Nerve Cuff Electrode Array ----------------------------------------------------------------------- 94 

7.2.3. Signal Generation and Acquisition Hardware ------------------------------------------------ 95 

7.2.4. Experiment Procedures --------------------------------------------------------------------------- 95 

7.3. Results --------------------------------------------------------------------------------------------- 97 

7.3.1. Inactive Tissue Impedance ----------------------------------------------------------------------- 97 

7.3.2. Recording of Evoked Compound Action Potentials ---------------------------------------- 97 

7.4. Discussion ----------------------------------------------------------------------------------------- 99 

7.5. Limitations------------------------------------------------------------------------------------------------ 99 

7.6. Conclusion --------------------------------------------------------------------------------------- 100 

8. Frequency multiplexing in peripheral nerve ------------------------------------------------ 101 

8.1. Introduction -------------------------------------------------------------------------------------- 101 

8.1.1. Theory ------------------------------------------------------------------------------------------------ 102 

8.1.2. Objective --------------------------------------------------------------------------------------------- 103 

8.2. Methods ------------------------------------------------------------------------------------------ 103 

8.2.1. Tissue preparation and handling --------------------------------------------------------------- 103 

8.2.2. Nerve cuff with dual ring electrode array ----------------------------------------------------- 104 

8.2.3. Hardware and data collection ------------------------------------------------------------------- 105 

8.2.4. Data processing to extract impedance changes ------------------------------------------- 108 

8.2.5. Selection of demodulation parameters for FDM -------------------------------------------- 108 

8.3. Results ------------------------------------------------------------------------------------------- 111 

8.3.1. Compound action potential (CAP) ------------------------------------------------------------- 111 

8.3.2. Pre-processing ------------------------------------------------------------------------------------- 111 

8.3.3. Impedance changes ------------------------------------------------------------------------------- 112 

8.4. Discussion --------------------------------------------------------------------------------------- 116 

8.5. Conclusion --------------------------------------------------------------------------------------- 118 

9. Increasing the Impedance Signal Amplitude using a RLC circuit --------------------- 119 

9.1. Introduction -------------------------------------------------------------------------------------- 119 

9.2. Methods ------------------------------------------------------------------------------------------ 120 

9.2.1. Tissue preparation and handling --------------------------------------------------------------- 120 

9.2.2. Nerve cuff -------------------------------------------------------------------------------------------- 121 



 

x 
 

9.2.3. Experiment apparatus ---------------------------------------------------------------------------- 121 

9.2.4. Data processing ----------------------------------------------------------------------------------- 123 

9.2.5. Experiment procedures -------------------------------------------------------------------------- 125 

9.2.5.1. Experiment 1: Noise versus ensemble averaging ------------------------------------- 126 

9.2.5.2. Experiment 2: Temporal changes in the impedance signal in-vitro ---------------- 126 

9.2.5.3. Experiment 3: Frequency response of the impedance signal ----------------------- 127 

9.2.5.4. Experiment 4: Impedance measurements of peripheral nerve --------------------- 127 

9.2.5.5. RLC circuit design ----------------------------------------------------------------------------- 128 

9.2.5.6. Experiment 5: Impedance signal changes with RLC circuit ------------------------- 129 

9.2.5.7. Analytical demonstration of RLC tuning -------------------------------------------------- 130 

9.3. Results -------------------------------------------------------------------------------------------- 131 

9.3.1. Experiment 1: Noise versus ensemble averaging ----------------------------------------- 131 

9.3.2. Experiment 2: Temporal changes in the impedance signal in-vitro ------------------- 132 

9.3.3. Experiment 3: Frequency response of the impedance signal -------------------------- 133 

9.3.4. Experiment 4: Impedance measurements of peripheral nerve ------------------------- 134 

9.3.5. RLC circuit ------------------------------------------------------------------------------------------ 135 

9.3.5.1. RLC circuit design ----------------------------------------------------------------------------- 135 

9.3.5.2. Estimate of error from sampling methodology ------------------------------------------ 137 

9.3.6. Experiment 5: Impedance signal changes with RLC circuit ----------------------------- 137 

9.4. Discussion ---------------------------------------------------------------------------------------- 139 

9.4.1. Limitations ------------------------------------------------------------------------------------------- 142 

9.5. Conclusion --------------------------------------------------------------------------------------- 143 

10. Discussion and Conclusion --------------------------------------------------------------------- 144 

10.1. Discussion ----------------------------------------------------------------------------------- 144 

10.2. Novelty and Contributions ---------------------------------------------------------------- 147 

10.3. Conclusion ----------------------------------------------------------------------------------- 148 

10.4. Future work ---------------------------------------------------------------------------------- 148 

Appendix A: Nerves in Rat Hindlimb------------------------------------------------------------------ 150 

Appendix B: Pin Placement ----------------------------------------------------------------------------- 151 

Bibliography ------------------------------------------------------------------------------------------------ 152 

 

 

 

 

 

 

 

 



xi 

LIST OF ABBREVIATIONS 

ADC Analogue to digital conversion 

ADRP Average depth resolved profile 

AR-SE Autoregressive spectral estimation 

BPF Band pass filter  

BPF-HT Band pass filter – Hilbert transform 

CAP Compound action potential 

CEM Complete electrode model 

CNS Central nervous system 

CoD-SE Correlation of the derivative spectral estimation 

DARPA  Defence Advanced Research Projects Agency  

DFT Discrete Fourier transform 

DoF Degrees of freedom 

DOT Diffuse optical tomography 

EEG Electroencephalography 

EIT Electrical impedance tomography 

EMG Electromyography  

ENG Electroneurography  

fDEIT Frequency difference electrical impedance tomography 

FDM Frequency division multiplexing 

FE Finite element 

fEITER Functional Electrical Impedance Tomography of Evoked Responses 

FEM Finite element method 

FES Functional electrical stimulation  

FINE Flat Interface Nerve Electrode 

fMRI Functional Magnetic Resonance Imaging  

H&E Haemotoxylin & Eosin 

ISA Inverse source analysis 

MEA Micro Electrode Array 

MEG Magnetoencephalography 

MfEIT Multi-frequency electrical impedance tomography 

NOSER Newton's One-step Error Reconstructor 



xii 

OCT Optical coherence tomography 

PBS Phosphate buffered solution 

PDM Phase division multiplexing 

PEDOT-pTS Poly(3,4-ethylenedioxythiophene):p-toluene sulfonate 

PET Positron emission tomography 

PNI Peripheral nerve interface 

PNS Peripheral nervous system 

RC Resistor-capacitor  

RLC Resistor-inductor-capacitor 

RMS Root mean square 

SELINE Self-opening Intrafascicular Neural Interface 

sLORETA Standardized low resolution brain electromagnetic tomography 

SER Signal to error ratio 

SNR Signal to noise ratio 

SPINE Slowly Penetrating Interfascicular Nerve Electrode 

SS-OCT Swept source optical coherence tomography 

TIME Transverse Intrafascicular Electrode 

TDEIT Time difference electrical impedance tomography 

TDM Time division multiplexing  

USA United States of America 



xiii 

LIST OF TABLES 

Table 1.1: Qualitative comparison of PNI technologies. ..................................................................................... 7 

Table 1.2: Fibre diameter relationships with action potential velocity and function. .......................................... 11 

Table 2.1: Categorization of existing neural EIT work into three categories of neural tissue: unmyelinated 

nerve, cerebral cortex, and myelinated nerve; as well as three investigative steps: modelling, 

characterization, and EIT imaging. ........................................................................................................ 29 

Table 4.1:  Epineurium tissue layer thickness, in µm, estimated from histology, conventional and 5Ascan 

methods within the ADRP technique, and with a 10 x10 window for the AR-SE technique. Mean 

(standard deviation)............................................................................................................................... 43 

Table 4.2: Scatterer diameter estimates, in µm, of microsphere samples and the intra-fascicle volume of 

the left and right fascicles in tissue sample 1 orientation 4. ................................................................... 48 

Table 5.1: Voltage dependant rate constants of unmyelinated fibre.  ............................................................... 59 

Table 5.2: Voltage dependant rate constants for node of Ranvier of myelinated fibre...................................... 60 

Table 5.3: Electrical properties values used in unmyelinated and myelinated nerve fibre models. .................. 71 

Table 5.4: Maximum fraction change in transverse impedance. ....................................................................... 71 

Table 5.5: Longitudinal impedance values of intra-fascicle tissue at 1 kHz. ..................................................... 76 

Table 6.1: FE model parameters for single fascicle model. .............................................................................. 83 

Table 6.2: Condition number of the sensitivity matrix for each drive and measurement electrode 

configuration. ......................................................................................................................................... 89 

Table 8.1: Electrical and physiological differences between epileptiform activity in the cerebral cortex, 

and activity in peripheral nerve  ........................................................................................................... 102 

Table 8.2: Drive current settings and electrode positions used in each subject ............................................. 107 

Table 9.1: Parameter description and values used in modelling. ................................................................... 136 

Table 9.2: Summary of impedance signal amplitude results of experiment 5 using the RLC circuit. .............. 139 

Table 10.1: Updated version of Table 2.1 with works presented in the current thesis shown underlined 

and in italics. ....................................................................................................................................... 141 



xiv 

LIST OF FIGURES 

Figure 1.1: Cross section schematic of a nerve bundle with three fascicles showing the tissue 

components, and zoomed in areas on unmyelinated and myelinated fibres showing the main 

features.  ................................................................................................................................................. 4 

Figure 1.2: Nerve cuff electrode configurations. ............................................................................................... 10 

Figure 2.1: Schematic showing approximate temporal and spatial resolutions, and imaging depth, of 

several imaging technologies for mapping neural activity in the brain.  ................................................. 16 

Figure 2.2: Principle of EIT shown on a 2D sample containing an impedance anomaly ................................... 19 

Figure 2.3: Frequency dependent impedance responses of different neural tissues across 0 Hz (DC) to 

5 kHz.  ................................................................................................................................................... 22 

Figure 2.4: (a) Quasi-static time division multiplexing of slow impedance changes, and (b) time-locked 

time division multiplexing of fast impedance changes.  ......................................................................... 25 

Figure 4.1: An ADRP curve and corresponding residual SNR  ......................................................................... 39 

Figure 4.2: Light microscopy images at 4x magnification, stained with H&E, of tissue sample 1 (a) and 

tissue sample 2 (b) of sciatic nerves, and tissue sample 3 (c) of the tibial nerve branch.  .................... 42 

Figure 4.3: Signal intensity and corresponding diameter estimate from the AR-SE algorithm for 

epineurium phantom (a) and an A scan taken from tissue sample 1 orientation 4 (b).  ......................... 45 

Figure 4.4: Distribution of epineurium tissue layer thickness estimates for tissue samples 1 (a), 2 (b) and 

3 (c). ...................................................................................................................................................... 46 

Figure 4.5: Histological analysis of fibre diameter distribution.  ........................................................................ 47 

Figure 4.6: Autoregressive reflection coefficients (a) and principal components (b) used to estimate fibre 

diameter distribution with the AR-SE technique. ................................................................................... 49 

Figure 4.7: OCT data of tissue sample 1 orientation 4 (a) and the same image after processing with AR-

SE technique (b), and resultant fibre diameter distribution estimates (c). ............................................. 49 

Figure 4.8: Mean and standard deviation (a – c), or mean and normalized standard deviation (d – f), of 

diameter estimates produced by each window size on microsphere samples with the CoD-SE 

algorithm................................................................................................................................................ 51 

Figure 4.9: OCT data of tissue sample 1 orientation 4 (a) and the same image after processing with CoD-

SE technique (b-c), and resultant fibre diameter distribution estimates (c).  ......................................... 51 

Figure 4.10: Identification of adipose tissue with ADRP technique  .................................................................. 52 

Figure 5.1: Transverse current equivalent electrical circuits of unmyelinated fibres and the node of 

Ranvier region in myelinated fibres (a), and the paranode, juxtaparanode and internode regions 

of myelinated fibres (b).  ........................................................................................................................ 61 

Figure 5.2: Part of the longitudinal current equivalent electrical circuit of the physiological model of a 

myelinated fibre (a) showing the five layers (extracellular space, myelin, periaxonal space, axon 

membrane, and intracellular fluid) and the four regions (node of Ranvier, paranode, 



xv 

juxtaparanode, and internode), and the longitudinal current equivalent electrical circuit used for 

an unmyelinated fibre and for the lumped parameter model of the myelinated fibre (b).  ...................... 63 

Figure 5.3: Five layer FEM model of nerve in nerve cuff. ................................................................................. 66 

Figure 5.4: Section views of a possible transverse current pattern (a), and Opposing-in-line electrode 

pattern (b), with one opposing drive electrode pair and two in-line measurement electrode pairs 

visible; and, end view of the three fascicle model used to generate simulated data (c).  ...................... 69 

Figure 5.5: Frequency response of the fraction change in transverse impedance for the juxtaparanode 

(a), internode (b), and node of Ranvier (c) regions for a 15 µm diameter myelinated fibre, and 

their combined transverse impedance corresponding to half of a node-node length (d).  ..................... 72 

Figure 5.6: Frequency response of the fraction change in transverse impedance for unmyelinated and 

myelinated fibres.  ................................................................................................................................. 73 

Figure 5.7: Impedance of the lumped parameter model and physiologically detailed model for a 

myelinated fibre in inactive (a) and active (b) states. ............................................................................ 74 

Figure 5.8: Frequency response of the fraction change in longitudinal impedance for unmyelinated and 

lumped parameter model of myelinated fibres at 10 mm electrode spacing (a).  .................................. 75 

Figure 5.9: Activity in the three fascicle model (top row), with purple indicating -0.286 fraction change in 

longitudinal impedance, and the corresponding reconstruction using the EIT algorithm, which was 

populated with data from the single-fascicle model, (bottom row) with colour scale showing 

fraction change in impedance.  ............................................................................................................. 77 

Figure 5.10: The fraction change in longitudinal impedance is lower for the whole nerve than for the intra-

fascicle tissue as the whole nerve includes passive tissues and saline layer.  ...................................... 78 

Figure 6.1: 3D end-and-side view of the single fascicle model used for the EIT forward problem (a), and 

end view of the 3 fascicle model used to generate data for the EIT inverse problem (b).  .................... 84 

Figure 6.2: Schematics showing offset angles used in electrode patterns.  ..................................................... 85 

Figure 6.3: Normalised singular values, from singular value decomposition of the sensitivity matrix, for 

each longitudinal current (a) and transverse current (b) electrode pattern, with 6mm ring spacing 

in longitudinal current patterns.  ............................................................................................................ 88 

Figure 6.4: The signal to error ratio (SER) at each grid index for longitudinal electrode patterns of 10mm, 

6mm and 3mm ring spacing (a), and for transverse current patterns (b); and, the grid in the single 

fascicle nerve model are shown overlaid with the corresponding grid index (c). ................................... 88 

Figure 6.5: Activity in the three fascicle model with purple indicating -0.3 and -8.8x10-4 fraction change 

in longitudinal and transverse impedances respectively (a), and the corresponding EIT 

reconstruction for each electrode pattern with low noise and error conditions (top and middle 

rows) and high noise and error conditions (bottom row) (b).  ................................................................ 89 

Figure 6.6: Comparison of Longitudinal 0/0 and Transverse 157.5/157.5 patterns at maximum current 

amplitude. .............................................................................................................................................. 91 

Figure 7.1: Electrode layout on the 28 channel electrode array, 1mm scale bar; the electrodes appear 

black due to the PEDOT:pTs coating. ................................................................................................... 95 

Figure 7.2: Schematic of experimental hardware set-up. ................................................................................. 98 

Figure 7.3: Nerve cuff electrode configuration used to measure the impedance in the longitudinal current 

direction (a), and transverse current direction (b). ................................................................................. 96 

Figure 7.4: Frequency roll-off and frequency spectra results. ........................................................................... 98 

Figure 8.1: Schematic of CAP and impedance signal in the time (a) and frequency (b) domains. ................. 103 

Figure 8.2: Electrode array and nerve cuff. .................................................................................................... 105 



 

xvi 
 

Figure 8.3: Drive and measurement electrode configurations used for transverse (a) current in 

experiment 1, and longitudinal (b) current in Experiment 3, where I indicates the drive current 

sources electrode pairs, and V indicates the boundary voltage measurement electrodes. ................. 107 

Figure 8.4: Flow chart of the method for selection of signal processing parameters described in the 

current study. Initial signal analysis on data from a single frequency experiment is used to 

determine suitable demodulation settings for FDM experiments.  ....................................................... 110 

Figure 8.5: CAP recordings for each experiment extracted with a BPF (6th order 0.1 to 1.5 kHz) (a), and 

corresponding frequency spectra (b). .................................................................................................. 111 

Figure 8.6: Effects of including Tukey window during processing. .................................................................. 112 

Figure 8.7: Impedance changes extracted from single frequency experiments in transverse (a) and 

longitudinal (b) current directions, expressed as percentage change from baseline values; and, 

frequency spectra of impedance signal (c). ......................................................................................... 113 

Figure 8.8: Frequency components of the impedance change from experiment 2, modulating an ideal 4 

kHz carrier signal, and the CAP from experiment 2, plotted next to two ideal carriers, one at 6 kHz 

and one at 8 kHz.  ............................................................................................................................... 113 

Figure 8.9:  Demodulated impedance changes from the 4 (a) and 6 (b) kHz carrier signals in experiment 

3, the 4 (c) and 8 (d) kHz carrier signals in experiment 4, the 4 (e) and 12 (f) kHz carrier signals 

in experiment 5; and signal distortion with higher order BPFs (g). ...................................................... 115 

Figure 9.1: Schematic (a) and picture (b) of the apparatus used in experiment 5, RLC circuit experiments. 

 ............................................................................................................................................................ 123 

Figure 9.2: Example of ensemble averaging of data wherein four epochs, originally spaced 0.25 seconds 

apart (a), are grouped into a data set (b) and then ensemble averaged together to produce a 

single signal with reduced noise (c). .................................................................................................... 124 

Figure 9.3: Grouping of experimental data into sets for characterisation of system noise versus ensemble 

averaging in experiment 1 (a); characterisation of the temporal changes in the impedance signal 

in-vitro signal in experiment 2 (b); characterising the frequency response of the impedance signal 

in experiment 3 (c); and to evaluate the peak amplitude of the impedance signal with and without 

the RLC circuit in experiment 5 (d). ..................................................................................................... 125 

Figure 9.4: Layout of the five experiments and RLC circuit design performed as part of the current study, 

showing how results from each experiment informed the others. ........................................................ 126 

Figure 9.5: Equivalent electrical circuit for peripheral nerve (a) and peripheral nerve in a nerve cuff (b), 

showing a capacitor, Cf, and resistor, Rf, in parallel to model the nerve fibres, a resistor, Rp, to 

model the passive nerve tissues, and a capacitor, Ce, and resistor, Re, in parallel to model the 

electrode at frequencies with negligible Warburg impedance.............................................................. 128 

Figure 9.6: RLC circuit, with current source, I, containing the peripheral nerve in a nerve cuff from Fig 

5b, as well as the inductance, Lc, and capacitance, Cc, components used to tune the RLC circuit 

in experiment 5. ................................................................................................................................... 129 

Figure 9.7: The system noise on the boundary voltage measurements reduces with an increasing number 

ensemble averaged epochs, following an approximately linear relationship when plotted on a log-

log scale. ............................................................................................................................................. 131 

Figure 9.8: Temporal changes in impedance signals. .................................................................................... 133 

Figure 9.9: The frequency response of the impedance signal amplitude after correction for temporal 

change effects using the polynomial fit, equation 9.11. ....................................................................... 134 



xvii 

Figure 9.10: Nyquist impedance plots for the nerve cuff in PBS, and the nerve in nerve cuff, as well as 

the estimate of the Nyquist impedance of the nerve which was calculated from the latter minus 

the former. ........................................................................................................................................... 135 

Figure 9.11: Log-log plot showing the relationship between the RLC capacitance component, Cc, RLC 

inductance component, Lc, and bandwidth (a) for the circuit shown in Fig 6 and values in Table 

9.1 producing a 17 kHz resonant frequency.  ...................................................................................... 136 

Figure 9.12: Averaging method employed in RLC circuit experiments, Fig 9.3d, where two sets of 1000 

epochs each are inter-spliced at 100 epoch increments, applied to data from experiment 1, 

subjects 1 (a) and 2 (b). ...................................................................................................................... 137 

Figure 9.13: Impedance signal and stimulation artefact in subject 8 (a), with a dashed box showing the 

23 to 35 ms and -0.08 to +0.04 % range in (b - e). .............................................................................. 138 

Figure 9.14: The frequency response of the impedance signal generated from a 0.1 % change in the 

nerve fibre resistance in equivalent electrical circuits of the nerve and nerve cuff circuit and the 

RLC circuits with bandwidths of approximately 3.6 kHz and resonant frequencies 17, 30 and 50 

kHz. The peak impedance signal at 6 – 8 kHz not fully ameliorated by the RLC circuits. ................... 141 

Figure A1: Nerve branches in cadaver. .......................................................................................................... 150 

Figure A2: Nerve branches in explanted tissue sample. ................................................................................. 150 

Figure B1: Paw stimulation – sciatic nerve recording paradigm used in this thesis ........................................ 151 



xviii 

CO-AUTHORSHIP FORMS 



xix 

PUBLISHER APPROVALS 

Permission to reuse published content has been granted by the respective publishers. 

Citation 
Corresponding 
pages in this thesis 

Hope, J., Braeuer, B., Amirapu, S., McDaid, A., & Vanholsbeeck, F, “Extracting morphometric 
information from rat sciatic nerve using optical coherence tomography” Journal of biomedical optics, 
23 (11), pp1-14 (2018). https://doi.org/10.1117/1.jbo.23.11.116001  Reproduced with permission.  
Published on Creative Commons (CC BY 4.0)—Gold Open Access 

34 – 55 

Hope, J., Vanholsbeeck, F., & McDaid, A. (2018). A model of electrical impedance tomography 
implemented in nerve-cuff for neural-prosthetics control. Physiological measurement, 39 (4), 
https://doi.org/10.1088/1361-6579/aab73a © Institute of Physics and Engineering in Medicine 
Reproduced with permission.  All rights reserved. 

56 – 80 

Hope, J., Vanholsbeeck, F., & McDavid, A. (2018). Drive and measurement electrode patterns for 
electrode impedance tomography (EIT) imaging of neural activity in peripheral nerve. Biomedical 
Physics & Engineering Express, 4(6), https://doi.org/10.1088/2057-1976/aadff3 © IOP Publishing Ltd. 
Reproduced with permission.  All rights reserved. 

81 – 92 

Hope, J., Aristovich, K., Chapman, C., Vanholsbeeck, F., & McDaid, A., (2019) Optimal frequency 
range for electrical impedance tomography of neural activity in peripheral nerve, in 9th International 
IEEE EMBS Conference on Neural Engineering, San Fransisco, USA, March 20 -23, 2019. 
https://doi.org/10.1109/NER.2019.8717019 © The Institute of Electrical and Electronics Engineers 
(IEEE), Reproduced with permission. All rights reserved. 

93 – 100 

Hope, J., Aristovich, K., Chapman, C., Volschenk, A., Vanholsbeeck, F., & McDaid, A., (2019) 
Extracting impedance changes from a frequency multiplexed signal during neural activity in sciatic 
nerve of rat: preliminary study in-vitro. Physiological Measurement. 40(3), 
https://doi.org/10.1088/1361-6579/ab0c24 © Institute of Physics and Engineering in Medicine. 
Reproduced with permission.  All rights reserved. 

101 – 118 

Hope, J., Aqrawe, Z., Lim, M., Vanholsbeeck, F., & McDaid, A., (2019) Increasing signal amplitude in 
electrical impedance tomography of neural activity using a parallel resistor inductor capacitor (RLC) 
circuit. Journal of Neural Engineering 16(6). https://doi.org/10.1088/1741-2552/ab462b © IOP 
Publishing Ltd. Reproduced with permission.  All rights reserved. 

119 – 143 





 

1 
 

 

 

1. INTRODUCTION TO PERIPHERAL 
NERVE INTERFACES AND NEURAL 
PROSTHETICS 

 

 

 

1.1. Background and motivation 

1.1.1. Population 

In 2008, a study by Ziegler-Graham et al. [11] placed the prevalence of persons living with limb 

amputation in the United States of America (USA) at 1.6 million, or 0.5 % of the population, and 

projected this figure to rise to 3.6 million by the year 2050. The primary causes of amputation, in order 

of highest to lowest prevalence, were dysvascular disease: 846,000 (of which comorbidity of diabetes 

was present in 592,000), trauma: 704,000, and cancer: 18,000 [11]. Of these, major amputation – which 

was defined in the study as “amputation above the elbow, below the elbow, above the knee, and below 

the knee, or the foot” – accounted for 41,000 and 623,000 in the upper and lower limbs, respectively.  

The main contributing factors to the projected increase in prevalence were increasing population, 

increasing life expectancy, and higher prevalence of dysvascular disease among older adults [11]. For 

the latter, a 2016 study on amputation rates in patients with high risk diseases [12], limited to patients 

in California, USA, showed an increase between 2005 and 2013. Similarly, incidences of major upper 

limb amputation due to trauma have nearly doubled between the 2000 – 2004 period and 2009 – 2014 

period, from 782 [13] to 1,386 [14], respectively. The apparent trends from these two studies would 

further exacerbate projected figures for prevalence of persons living with limb amputation.  

1.1.2. Prosthetic limbs 

Major amputation can have significant negative effects on quality of life through hindrance to mobility 

and performing activities of daily living [15, 16]. Limb prosthetics aim to reduce negative effects on 

quality of life by restoring some function to the user [17, 18], and greater prosthetic use correlates with 
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increased likelihood of returning to employment [19]. Despite these positive implications for prosthetics, 

prosthetic use rates among amputees are in the range  52 to 84 % [20, 21] and reported user rejection 

rates in the range 5 to 50 % [22, 23]. The primary reasons for low use and high rejection rates are user 

dissatisfaction with comfort, function and control [22, 23], though a host of other factors are also raised 

by users, including: cost, donning and doffing time, weight, wear and maintenance, cosmetic 

appearance, noise, training, restoration of sensory feedback, and effects on phantom pain [20, 23]. Of 

the amputees who do not use a prosthetic, Biddiss et al [23] reported 68 % were willing to reconsider 

using a prosthetic if some of these shortfalls were to be addressed at a reasonable cost.  

Recent advances in actuation technology and miniaturized electronics have produced prosthetic 

mechanics which are largely capable of mimicking functionality of the lost limb. Even in cases of major 

upper limb amputation, where the complex dexterity produced by the numerous joints in the hand and 

wrist presents a particularly formidable engineering task, several advanced prosthetics designs are 

commercially available which can mimic much of the functionality of the hand, including: the iLimb Ultra 

(Touch Bionics), Michelangelo (Otto Bock), Bebionic 3 with Multi‐Flex Wrist (RSL Steeper), and Vincent 

Evolution 2 Hand (Vincent Systems), which are reviewed along with devices under development by 

several research groups in [24].  

Given advanced functionality, the reciprocal challenge is to produce a user control interface which is 

easy to learn and intuitive to use. Currently, control of prosthetic functions relies on either an (i) external 

mobile application operated conventionally, (ii) controls activated using non-affected limbs and digits, 

(iii) execution of pre-programmed functionality through myoelectric sensors placed proximal to the injury 

site on the affected limb, or (iv) a combination of these [24-26]. All four control options are inherently 

unintuitive for the user due to the mental dissociation between the required thought command and 

intended action in the prosthetic. An intuitive user control interface, on the other hand, has direct 

reciprocity between the required thought command and the intended action in the prosthetic, a feat 

made possible by interfacing directly with regions of the nervous system associated with control of the 

lost limb. Intuitive control, also referred to as natural-control or thought-control [27], creates a seamless 

interface for the user and has been shown to improve user-acceptance of the prosthetic [28, 29]. 

Intuitive control options do not currently exist for prosthetics with advanced functionality because the 

number of independent bioelectric signals which can be recorded from the user, typically two, is far less 

than the number of mechanical degrees of freedom due to co-activation and cross talk [25, 26, 30-32]. 

Advances in the field of neural interfaces hope to address this limitation.  

1.1.3. Neural-prosthetics  

In the field of neural-prosthetics, neural interfaces record information from the nervous system and use 

this information to augment control of a robotic prosthetic devices. The firing rate, signal power 

(amplitude), duration, and location of the signals within the underlying neural or muscle tissue are all 

parameters which encode the physiological information [33-35]. Three main classes of neural interface 

have been developed which measure and interpret the bioelectrical signals: Electromyography (EMG), 

which measures electrical activity in muscles; electroencephalography (EEG), which measures 
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electrical activity in the brain; and, electroneurography (ENG), which measures electrical activity in 

peripheral nerves. Each technique has its own advantages and limitations and so is selected based on 

the requirements of the application.  

Among the most important requirements to consider is the level of amputation. A trans-radial amputee, 

for example, may retain many of the muscles in the forearm which control the wrist and hand, and so 

would be provided some level of intuitive control using an EMG interface. Conversely, for a trans-

humeral amputee, where the forearm is completely amputated, ENG or EEG are best placed to offer 

intuitive control interfaces. All three techniques, EMG, EEG and ENG, suffer from high noise and poor 

signal quality due the presence of multiple, simultaneous, non-synchronous signal sources in the 

underlying neural or muscular tissue [33]. 

In addition to recording neural signals for control of prosthetics, a complimentary goal is to record 

information from sensors in the prosthetic, such as proprioception, touch, pain, and temperature, and 

relay this information back to the user. Providing sensory feedback to a user is achieved through 

stimulation of the corresponding parts of the nervous system, and has been successfully implemented 

in a prosthetic upper limb using touch sensory feedback in the Defence Advanced Research Projects 

Agency’s (DARPA) Revolutionizing Prosthetics program [32, 36] and several academic groups [37-39].  

1.2. The peripheral nervous system (PNS) 

The peripheral nervous system (PNS) is a network of nerves which originate in the central nervous 

system (CNS) and branch out to all parts of the body. The flow of information in peripheral nerves is 

bidirectional. Afferent information travels towards the CNS and includes nociception (pain) and 

proprioception (joint angle), whereas efferent information travels from the CNS and includes motor 

commands to the muscle groups. While we are each conscious of signals within our somatic or 

voluntary nervous system, the autonomic nervous system regulates the function of internal organs, 

which is performed unconsciously.  

In mammals, a nerve bundle contains one or more fascicles held together by a loose connective tissue 

called epineurium, Fig 1.1. In mammals, the size of fascicles are comparable between different animals 

but the number of nerve fibres scales with animal size, therefore while the rat sciatic nerve contains 

three fascicles [40] the human median nerve contains 10 to 20 [41]. Each fascicle is bound by 

perineurium, a tight connective tissue, and contains between several hundred and several thousand 

individual nerve fibres [39, 41]. The extracellular space between nerve fibres contains several distinct 

chemical environments [42], the main two are the basal lamina and endoneurium. The former is a 

supportive protein matrix produced by and immediately surrounding Schwann cells, and the latter a 

connective tissue between the basal laminae. Schwann cells form the myelin sheaths which 

encapsulate the axons of myelinated nerve fibres periodically along their length.  



 

4 
 

 

Nerve fibres do not change cross sectional location over time [43] with the exception of small changes 

due to stretching of the nerve [44], therefore the cross sectional topography is approximately fixed at 

any given position along the nerve length. Furthermore, fibres have been shown to group together within 

a fascicle based on the part of the body which their distal end innervates, particularly just before fascicle 

bifurcation [45]. In the human arm, which contains a large number of fascicles, individual fascicles can 

be dominated by fibres of a specific function, and fascicles grouped together spatially within a nerve 

bundle based on similarities in their dominant fibre function [46]. Thus, we can say that fibres and 

fascicles are, to some degree, somatotopically organized. The intentions of the user in efferent fibres 

or sensory feedback in afferent fibres can therefore be inferred by activity within certain regions of the 

nerve cross section.  

The bioelectric signal which transmits information along a nerve fibre is called an action potential, and 

is created by transient changes in the potential across the nerve fibre membrane, or ‘axolemma’. This 

membrane potential is produced by the relative change in concentrations of sodium and potassium ions 

in the intracellular and extracellular fluids on either side of the membrane. Transport of these ions across 

the membrane is controlled by groups of proteins called voltage-gated ion channels and ion pumps, for 

which functional models are well established [47-49].  

Figure 1.1: Cross section schematic of a nerve bundle with three fascicles showing the tissue components, and 

zoomed in areas on unmyelinated and myelinated fibres showing the main features.  
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1.3. Peripheral nerve interfaces 

Several peripheral nerve interface (PNI) devices have been developed for recording and stimulating 

action potentials within peripheral nerves, Table 1.1. These technologies can be grouped into three 

categories based on the level of invasiveness: 

1) Extranueral – where electrodes contact the outside surface of the nerve; 

2) Intraneural – where electrodes penetrate the nerve surface; and, 

3) Regenerative – where nerve fibres innervate the device.  

In general, a trade-off exists between beneficial characteristics, with no single PNI device achieving 

high selectivity, low invasiveness, high chronic stability, and high levels of evidence of performance, 

Table 1.1.  

1.3.1. Performance 

It is common to assess the performance of PNIs by comparing selectivity and invasiveness [30, 31].   

Here, we consider two additional factors, chronic stability and evidence of performance, which are also 

important in the context of neural prosthetics in humans.  

1.3.1.1. Selectivity 

In neural recording applications, selectivity is the ability to decipher signals from background noise, and 

to distinguish between multiple signal sources which may or may not be active simultaneously. In neural 

stimulation applications, selectivity is the ability to limit stimulation to specific fibres or groups of fibres. 

Selectivity is dependent on the size and number of electrodes and their proximity to the target nerve 

fibres [30, 31]. The signal to noise ratio of the acquired signals, and the feature extraction techniques 

which can be employed during signal processing, are also factors which affect selectivity [39, 50]. 

1.3.1.2. Invasiveness 

All PNI technologies require surgery for implantation and so are inherently invasive when compared to 

surface measurement techniques such as surface-EMG and surface-EEG. Within PNI technologies, 

the level of nerve damage differs based on whether the nerve bundle, and more significantly its 

fascicles, are penetrated by the device. Nerve damage is typically of the cut and/or crush type, 

producing medical implications such as reduction in axon diameter and demyelination, degeneration of 

the nerve fibre distal to the injury (Wallerian degeneration), disruption of the blood nerve barrier, blood 

vessel formation, inflammation (in some cases, persistent), neuroma formation, and encapsulation of 

the electrodes by connective tissue [51, 52]. 
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1.3.1.3. Chronic stability 

Clinically, chronic time frames are in the range of 5 days to several weeks, with chronic studies typically 

lasting several months [53, 54] . The term ‘chronic stability’ encompasses the physical stability of the 

device’s coupling to the nerve, and its biocompatibility. Upon implantation of a neural interface, the body 

produces a foreign body reaction consisting of acute and chronic inflammatory phases, and a 

granulation tissue phase [54]. Functional coatings, such as hydrogels, aim to reduce this response and 

minimize associated tissue damage [55]. In the granulation tissue phase the implant is encapsulated 

by connective tissue, which benefits anchoring the device to the nerve but detriments signal stability by 

altering the impedance of the electrode-tissue barrier [54]. Excessive growth of the connective tissue 

can begin to pull penetrative devices from the nerve or shift its position [51]. Mismatching between the 

stiffness of nerve tissue and the electrodes can transfer stress between the two, leading to fatigue 

failure of the electrodes or injury to the nerve [56].  

1.3.1.4. Evidence or performance  

The differences in morphology and functionality of peripheral nerves between mammals are minor, with, 

for example, rats and humans exhibiting the same passive tissue structures, fibre grouping by function 

in fascicles [41, 57], and even comparable ion channel kinetics [58]. Therefore, animal models are well-

suited to investigating biocompatibility of devices, and initial performance evaluations under controlled 

experiment conditions. Disparities between non-primate animals and humans in their dexterity and 

communication, however, limits their suitability in evaluations of neural interfaces for advanced 

prosthetics.  
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Technology 
Name  

Description Selectivity Invasiveness Chronic stability  Evidence of 
performance  

Extraneural 

Cuff Electrode Flexible 2D array of 
electrodes which 
wrap around the 
outer surface of the 
nerve 

 

Low.  

Fascicle activity 
[30]. 

Cannot access 
central fascicles 
[30]. 

 

Low. 

Self-sizing cuffs 
regulate nerve 
pressure during 
implantation 
[30].  

High. 

Some reduction in 
the number of large 
diameter fibres. If 
compression is 
avoided then no 
change in electro-
physiology is seen 
[59, 60]. 

High. 

Several long 
term trials in 
humans, 
recording and 
stimulating 
nerves [38, 
61-64]. 

Flat Interface 
Nerve Electrode 
(FINE) 

Two flat surfaces 
containing 
electrodes arrays. 
Compressed the 
nerve to flatten it and 
so bring the central 
fascicles closer to 
the surface 
electrodes. 

Low, but higher 
than nerve cuff. 

Fascicle activity, 
including 
concurrently in 
two fascicles [53, 
65]. 

Access to most or 
all fascicles [30]. 

Low.  

Compressive 
forces can 
cause nerve 
damage and 
injury if too large 
[66]. Slow 
closing design 
intended to 
reduce damage 
[67]  . 

High. 

Some reduction in 
the number of large 
diameter fibres, and 
reduction in myelin 
thickness. Effects 
are temporary, 
provided forces are 
kept at safe level 
[66, 68]. 

High. 

Short-term 
[69] and long 
term [70] 
human trials. 

Intraneural  

Slowly 
Penetrating 
Interfascicular 
Nerve Electrode 
(SPINE) 

Nerve cuff type 
design with multiple 
small wings 
containing 
electrodes which 
penetrate the nerve 
surface 

Low. 

Access to most or 
all fascicles [71] 

Intermediate. 

Reshaping of 
fascicles occurs, 
histological 
effects not 
investigated [71] 

High. Low. 

Short term 
animal trail  [71] 

 

Longitudinal 
Intrafascicular 
Electrode (LIFE) 

A long, thin nerve 
fibres or flat sheet 
with electrodes 
located 
intermittently along 
the length; 
implanted within 
individual fascicles 
with length 
dimension running 
parallel to the nerve 
fibres 

Intermediate. 

Individual nerve 
fibre and fibre 
group activity [30]. 

 

Intermediate. 

Single penetration 
into a fascicle for 
each LIFE 
implanted [30]. 

Low/ 
Intermediate. 

No noticeable 
damage after 
implantation [30, 
31]. 

Susceptible to 
fatigue failure 
from stiffness 
mismatch, 
micromotion and 
tethering forces 
from the wires 
[32] 

 

Intermediate. 

Short term 
human trials 
[72], 2 weeks 
[30], 4 weeks 
[73, 74]. 

6 month animal 
studies  [30]. 

Transverse 
Intrafascicular 
Electrode 
(TIME): 

Implanted 
transversally 
through nerves and 
fascicles such that 
different electrodes 
contact different 
fascicles or groups 
of nerve fibres 
within a fascicle 

Intermediate. 

Nerve fibre group 
activity. One 
TIME can access 
several nerve 
fibre groups in 
different fascicles  
[31].  

Intermediate. 

Single penetration 
for each TIME 
implanted [31].  

Low/ 
Intermediate. 

No significant 
damage after 
implantation [30, 
31]. 

Susceptible to 
fatigue failure 
from stiffness 
mismatch, 
micromotion and 
tethering forces 
from the wires 
[32, 56] 

Intermediate. 

Human trial 4 
weeks [75, 76] 

Table 1.1: Qualitative comparison of PNI technologies. 
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Technology 
Name  

Description Selectivity Invasiveness Chronic stability  
Evidence of 
performance  

Intraneural continued 

Self-opening 
Intrafascicular 
Neural Interface 
(SELINE)  

Hybrid between the 
LIFE and TIME. 
Similar to a LIFE 
plate electrode but 
with wings which 
extend laterally on 
either side, adding 
an extra dimension 

Intermediate. 

Improved 
selectivity vs. 
TIME[30].  

Intermediate. 

Single penetration 
for each SELINE 
implanted.  

Low/Intermediate. 

Improved 
anchoring vs 
TIME and LIFE 
[30].  

Low. 

Animal trials for 3 
months [77] 

Micro Electrode 
Arrays (MEAs) 

Array of needles 
with conductive tips 
and of different 
lengths are 
implanted 
transversally into a 
nerve, such that 
they contact 
different groups of 
nerve fibres 

High. 

Individual nerve 
fibre and nerve 
fibre group 
activity.  

One MEA can 
access >100 
discrete channels.  

High.  

Each of the 100+ 
electrodes 
individually 
penetrate 
fascicles, 
increased risk of 
nerve damage  

Low. 

Stiffness 
mismatch and  
tethering can 
cause persistent 
inflammation [15, 
52]  

Intermediate. 

Short term human 
trials, 4 weeks 
[15, 78], 3 months 
[18, 79] 

Regenerative 

Sieve Electrode Flat plate with 
several orifices to 
guide nerve fibre 
regeneration, 
where each orifice 
is an electrode 
connection 

High. 

Individual fibres 
grow into 
electrode orifices. 
Potential to 
separate efferent 
and afferent 
axons [21, 52, 
80]. The number 
of fibres 
regenerating is 
low. [81] 

High. 

Requires 
transection of the 
nerve to provide 
nerve stump for 
electrode 
implantation.  

Low. 

No guarantee of 
fascicle 
regeneration.  

Regenerated 
axons do not 
always survive. 

Low.  

Short to midterm 
animal trials. 30 
months [23, 31, 
82]. 

Microchannel 
Electrode 

Similar to sieve 
electrode except 
orifices are 
extended to be 
several mm long, 
and can contain 
several electrodes 
spaced 
longitudinally within 
each orifice 

As with sieve 
electrode.  

As with sieve 
electrode. 

As with sieve 
electrode. 

Low. 

Short term animal 
trails [30, 31].  

 

Biohybrid – 
targeted muscle 
reinnervation 

A small piece if 
muscle is grafted 
onto a transected 
nerve. Nerve fibres 
reinnervate. 
Myographic 
recordings are 
made.  

High/Low. 

High Signal to 
noise ratio due to 
myoelectric 
amplification [52]; 
compatible with 
high definition 
EMG [83]. But, 
also susceptible 
to degradation in 
EMG signal 
quality from 
sweating, sensor 
misalignment.  

High.  

Transection of 
nerves, muscle 
grafts  

High. 

[84] 

High. 

Short term human 
trial [84] 

Ongoing long-
term human trials. 
[36] 

Table 1.1 (continued): Qualitative comparison of PNI technologies. 
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1.4. Recording with nerve cuffs 

Research work into nerve interfaces focusses largely on stimulation, with recording of signals receiving 

comparatively little attention [85]. Early work on recording of afferent and efferent signals was done in 

the 1970’s by Hoffer, Stein, and others as reported in [86]. This showed that the electrically insulating 

property of the nerve cuff and its dimensions are important factors affecting signal quality. It was also 

shown early on that the recorded signals are dominated by larger diameter axons (both motor and 

sensory) due to their larger signal amplitude, and by axons in closer proximity to the cuff electrode. 

Signals from axons located deeper in the nerve are attenuated by a factor 2 or 3 compared to those 

closest to the electrode [86]. 

1.4.1. Electrode configuration 

The original nerve cuff design contains ring electrodes that encompass the nerve circumferentially but 

are separated from their neighbours along the length axis, Fig 1.2a. For ENG recording, each ring 

electrode provides an aggregated signal from all fibres it encompasses. This lack of fibre or fascicle 

selectivity at the point of signal collection generates a lot of unwanted data which manifests as noise; 

in turn, a low signal to noise ratio (SNR) hampers the identification and classification of signals [87, 88].     

Separation of the electrode rings into smaller segments, as in Fig 1.2b, is theorised to increase the 

information content [89]. Results from several studies support that the signal recorded by each smaller 

electrode segment will be dominated by their respective proximate nerve fibres and fascicles [87, 89-

92]. Using a 56 electrode array, comprising 7 rings each separated into 8 electrodes, researchers in 

[89, 93] showed that the improvement in selectivity is not only due to the net increase in information 

from having more electrodes, but to the ability to select the most important channels of information from 

the increased possibilities.  

Tripolar configuration, where reference electrodes are arranged on either side of the acquisition 

electrode, is common with ring electrode nerve cuffs [39, 59, 60, 86, 94-97]. In electrode array nerve 

cuffs, one of several quasi-tripolar configurations are often used for their associated noise reduction: 

where reference electrodes may be: ring electrodes and common to all acquisition electrodes [87, 98]; 

or segmented and specific to each acquisition electrode [90-92, 99]. Short circuiting the two electrodes 

on the outside of the acquisition electrode reduces the noise, and is thought to impede extraneural 

noise such as EMG from entering the cuff [87, 100], Fig 1.2c.   
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1.4.2. Signal processing 

Raw data recorded from a nerve cuff contains signals from the target fibres as well as from a significant 

number of non-targeted fibres. Signal processing aims to distinguish the two based on features of the 

activity. In a control interface for neural prosthetics, two features of interest are (i) the spatial origins of 

the signal, due to the somatotopic organization in the nerve; and (ii) classification of the physiological 

function, as motor commands are primarily of interest. 

1.4.2.1. Spatial origins 

Zariffa et al. [27, 93] applied the sLORETA algorithm (standardized low resolution brain electromagnetic 

tomography) to data from a 56 electrode-array nerve cuff to try and identify location of the signal source, 

reporting good results with one active signal at a time. However, this approach proved unsuccessful for 

multiple concurrent signal sources due to an excessive number of spurious pathways when solving the 

inverse problem if the model is not accurate enough. The approach was therefore deemed by the 

researchers to be overly sensitive to the accuracy of the anatomical model used.  

In Aristovich et al [10], an inverse source analysis (ISA) using a Bayesian estimation approach, originally 

developed for FINE cuffs in [65], and electrical impedance tomography (EIT) both provided good 

classification of single fascicle activity but were not extended to concurrent activity. Both approaches 

have demonstrated reconstruction of concurrent sources of neural activity in other applications: the 

former, ISA, using magnetoencephalography (MEG) recordings of the cortex [101], and the latter, EIT, 

to image epilepsy using a combination of surface and depth electrodes [102].  

Figure 1.2: Nerve cuff electrode configurations. (a) Ring electrodes which encompass the whole circumference 

of the nerve detect the aggregate neural activity within the volume which they encompass, whereas (b) arrays of 

electrodes which are spatially separated around the circumference of the nerve can improve spatial selectivity. 

(c) In tripolar configuration, the acquired signal is subtracted from two reference electrodes on either side; shorting 

of outer electrodes produces a shielding effect against external electrical noise.  

(a) (b) (c) 
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1.4.2.2. Physiological function 

Each nerve fibre has a fixed physiological function which closely correlates with its diameter [39, 40].   

The fibre diameter, D (µm), also determines the action potential velocity, v (m/s), Table 1.2 [39], through 

the relationship v =  5.58 D in myelinated fibres [103], and through the relationship  v =  √D in 

unmyelinated fibres [49]. These relationships have been leveraged by researchers in developing signal 

processing algorithms which are velocity selective.  

 

In the delay-and-add approach, parallel recordings from several electrodes spaced along the nerve 

length are summed together after introducing a time delay proportional to the propagation time of the 

targeted neural activity. This process can be done for multiple time delays during signal processing 

instead of acquisition, resulting in a velocity-amplitude profile of the nerve vs. time. Reported short-falls 

of the delay-and-add approach are low velocity selectivity and low resolution at higher velocities [104-

106]. The delay-and-add approach has been used with a nerve cuff to extract respiration afferents from 

background neural activity in vagus nerve of pig [107].  

Other, velocity selective processing algorithms have been developed and tested in modelling studies, 

including artificial neural networks [104], which reported improvement in the velocity selectivity and 

resolution at higher velocities; space-time broadband beamforming [106] which produced a uniform 

velocity response across all action potential frequencies; and Bayesian spatial filters [108].  

1.4.2.3. Feature sorting 

In early studies [94, 95] the raw signals were simply bandpass filtered, rectified and bin-integrated, with 

the researchers primarily interested in amplitude variations to detect touch and slip sensations. The 

same processing method was used by Haugland et al [96] to integrate touch and force information from 

the heel and bottom of the foot, via afferent information in the sural nerve, into a closed loop functional 

electrical stimulation system to correct foot-drop in a hemiplegic patient. In Struijk et al and Haugland 

et al [59, 94], a fast Fourier transform was applied as a further step in order to produce a power vs 

Type Diameter (µm) Action potential 
velocity (m/s) 

Function Myelination 

Aα 12 – 22 70 – 120 Motor, Proprioception Heavily myelinated 

Aβ 6 – 12 30 – 70 Touch, Pressure Heavily myelinated 

Aγ 3 – 6 15 – 30 Muscle spindle efferent Heavily myelinated 

Aδ 2 – 5 12 – 30 Pain, Temperature Heavily myelinated 

B <3 3 – 15 Sympathetic Preganglionic Moderately myelinated 

C 0.4 – 1.2 0.5 – 2.3 
Pain, Sympathetic 

Postganglionic 
Unmyelinated 

Table 1.2: Fibre diameter relationships with action potential velocity and function. The velocity, v (m/s), to 

diameter, D (µm),  relationship is v =  5.58 D in myelinated fibres, v =  √D in unmyelinated fibres.  
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frequency (or power spectral density) plot. Struijk at el and Cheng et al [59, 109] use Fourier transform 

and then apply statistical models such as linear regression to analyse relationships between stimulus 

and signal, whereas Micera et al. [110] used a neural-fuzzy model for the same purpose. Researchers 

have also estimated joint angle from recordings using neuromuscular models [111] and neural networks 

[112].  

In all of the above studies [59, 94-96, 109-112], however, the targeted neural activity was limited to one 

type of physiological activity in a limited number of non-currently active fascicles, which researchers 

were able to extract amidst background noise generated by the other non-targeted body functions. In 

contrast, a comprehensive study by Raspopovic et al. [39] applied a range of signal analysis techniques 

to data collected with three different types of stimulus – mechanical stimulus, nociception, 

proprioception – which were administered both individually and concurrently. Results indicated 

classification of mechanical stimulus and proprioception with high accuracy, but problems with 

nociception due to lower signal strength. When stimulus were applied concurrently, the classification 

accuracy dropped significantly.   

1.4.2.4. Characterizing the amount of neural activity 

Measurement of the extracellular potential produced by an action potential is known as a spike event, 

with physiological normal spike rates in the PNS ranging from 0 to 1,000 spikes/s [35]. Motor signals 

occur at lower spike rates, typically 0 – 30 spikes/s and rarely exceeding 100 spikes/s under prolonged 

activation [35, 113] due to the nature of the motor units and muscle activation downstream. The spike 

rate for motor signals contains information on the force application intended by the user [113]. A 

compound action potential (CAP) is the aggregate activity in multiple fibres associated with the same 

action or event (i.e. a fibre group). Nerve cuffs record the aggregate of concurrent spikes beneath the 

electrodes.  

1.5. Summary: Peripheral nerve recordings 

 Limb amputation affects approximately 0.5 % of the population; of which 40 % are classified as 

major amputation.  

 Prosthetics aim to alleviate negative effects of amputation but suffer from low use rates, 

primarily due to poor comfort, function and control.  

 Advanced prosthetics offer function comparable to biological counterparts, but un-intuitive 

control interfaces. Advances in the field of neural interfaces hope to address this limitation. 

 Among peripheral nerve interfaces, a trade-off exists between beneficial characteristics, with 

no single device achieving high selectivity, low invasiveness, high chronic stability, and 

significant evidence of performance.  

 Fibres and fascicles are somatotopically organized within nerves; the spatial distribution of 

neural activity would be useful in a control interface for prosthetics.  
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 Nerve cuffs offer low invasiveness and high chronic stability, but poor selectivity; and have been 

applied to a range of physiological functions in animals, and clinical applications in humans.  

 When the target activity is non concurrent, nerve cuff recordings can distinguish several 

physiological functions, and generate fascicle-level spatial selectivity in 2 fascicles. When 

concurrent activity is considered, the performance drops significantly.  

1.6. Conclusion 

A number of attributes of neural signals in a peripheral nerve allow the associated function to be 

identified and characterized, including: direction of propagation of motor (efferent) or sensory (afferent) 

action potentials; the relationship between propagation velocity and function; spike rate; and 

somatotopic organisation of fascicles and nerve fibres. The latter attribute, somatotopic organisation, 

plays an important role in controlling neural prosthetics, where the complex dexterity produced by the 

numerous joints in the hand and their advanced prosthetic counterparts requires multiple concurrent 

motor commands. While nerve cuffs exhibit exemplary chronic stability compared to other PNIs, their 

poor spatial selectivity, currently limited to resolving activity in one fascicle at a time, cannot make use 

of the information contained within this neural somatotopic organisation.  

There is, therefore, a need for signal processing algorithms in nerve cuffs which extend the spatial 

selectivity to concurrent sources. The ability of EIT to resolve multiple concurrent changes in impedance 

in a sample makes it a promising candidate for investigation.  
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2. REVIEW OF ELECTRICAL IMPEDANCE 
TOMOGRAPHY (EIT) OF NEURAL 
ACTIVITY 

 

 

 

2.1. Introduction to EIT imaging of neural activity 

EIT is a tomographic imaging method which uses electrical impedance as its contrast agent, and 

produces an estimated conductivity distribution of the sample as its output. Variations in impedance 

between different tissue types, between tissue in healthy and pathological states, and within tissues 

undergoing natural cellular processes, respectively, have led to biomedical applications of EIT for 

monitoring of respiratory and pulmonary systems [114], identification of ischaemic brain tissue [115], 

and in localisation of neural activity in epilepsy [8, 116]. The sensitivity of EIT to neural activity is 

attributed to changes in membrane conductivity in neural cells during the generation and propagation 

of action potentials [117, 118]. Together, the ability of EIT to resolve multiple concurrent impedance 

changes in a sample, and its sensitivity of EIT to impedance changes associated with neural activity, 

makes it a promising candidate for improving spatial selectivity in a nerve cuff.  

EIT imaging of neural activity, or ‘neural EIT’,  was originally devised for the brain, and was motivated 

by the need to assist neurosurgery for treatment of epilepsy and, more broadly, basic neuroscience 

research into functions of neural networks in the brain [117]. Initial studies used crab walking nerves as 

tissue models [3, 117-122] due to the similar cell structure between unmyelinated axons in crab nerves 

and the cerebral cortex. These foundational studies have led to recent successes in EIT of neural 

activity in cerebral cortex of rat [2, 116, 123-125]. Myelinated axons, on the other hand, which are found 

in white matter of the brain and the peripheral nerves of mammals, is a comparatively new research 

field for EIT, with existing work limited to a modelling study on myelinated fibres [126], and three recent 

studies on EIT imaging of fascicle-level neural activity: two in sciatic nerve of rat [10, 127], and one in 

vagus nerve of sheep [128].  
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2.1.1. Technologies for imaging neural activity  

The performance of EIT in imaging neural activity can be characterised using studies on the brain, 

where a larger body of work on EIT exists. Several technologies exist in the field of functional brain 

imaging, with varying levels of performance in temporal and spatial resolutions, and imaging depth, Fig 

2.1.  

 Functional MRI (fMRI) and positron emission tomography (PET) infer neural activity indirectly 

from changes in blood flow, or hemodynamic effects, with high spatial resolution but poor 

temporal resolution of several seconds.  

 Diffuse optical tomography (DOT) is sensitive to oxygen levels in the blood, and is significantly 

lower cost and more suitable to continuous patient monitoring over fMRI and PET but offers 

poorer spatial resolution and imaging depth [129].  

 Scalp EEG offers sub-millisecond temporal resolution capable of recording fast action 

potentials from neuronal depolarization, but poor accuracy, spatial resolution and imaging 

depth [130].  

 Implementing EEG with intracortical electrodes significantly improves accuracy and resolution 

in the tissue volumes immediately surrounding the electrodes (which we equate to imaging 

depth for purpose of comparison between imaging technologies) [131, 132].  

 Scalp MEG is also directly sensitive to neural activity and offers comparable temporal resolution 

to EEG [133] but improved spatial resolution and accuracy as the magnetic signal does not 

suffer from distortion as it passes through the skull, as the electrical signal does in EEG [134].  

 Scalp EIT, such as the functional Electrical Impedance Tomography of Evoked Responses 

(fEITER) system, can resolve hemodynamic effects and slow neuronal depolarization with good 

imaging depth but relatively poor resolution [135]. 

 Epicortical EIT improves spatial resolution by removing the current spreading effects of the 

skull, but still has limited imaging depth [136]. To date, epi-cortical EIT has been demonstrated 

to image neural activity in rat cerebral cortex [2, 116, 125]. 

 Intracortical EIT has been evaluated in models of human and marmoset brain, and indicated 

an improvement in imaging depth, resolution and reconstruction accuracy over both epicortical 

EIT and passive recordings with intracortical electrodes [137, 138].   

It is apparent from the above list, and Fig 2.1, that none of the reviewed technologies offer high imaging 

depth as well as high temporal and spatial resolutions, though modelling studies do suggest intracortical 

EIT might be a promising technique [137, 138]. It is also apparent that EIT often improves the imaging 

depth when compared to other imaging modalities implemented with the same electrode configuration, 

for example when comparing scalp EIT with scalp EEG. In the above list and in Fig 2.1, we have defined 

the temporal resolution as the temporal separation between two sequential reconstructed image 

frames, which does not necessarily occur in real time due to the data acquisition and signal processing 

steps. For example, in the case of EIT, the high noise susceptibility due to the severely ill-posed nature 

of the inverse problem means researchers often ensemble average multiple data sets to achieve the 
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desired signal to noise ratio when imaging small impedance changes in neural tissue; an approach 

which is incompatible with real-time imaging. 

 

 

2.2. Principle of EIT 

Caldeŕon’s inverse conductivity problem forms the basis of EIT, and states that complete knowledge of 

the current and voltage relationship around the sample boundary can be used to determine the 

conductivity distribution of the sample [139]. The boundary voltages generated by injection of a current 

across the boundary produces a single pair of Dirichlet to Neumann data. For EIT reconstruction, ideally 

all possible pairs of Dirichlet to Neumann data would be known at infinite precision.  

In practical implementation of EIT, several electrodes are arranged around the surface of sample, and 

a current is passed between two drive electrodes, called the ‘injected current’ or ‘drive current’, while 

the resultant boundary voltages are measured at the remaining electrodes, Fig 2.2a. This process is 

repeated with the drive current applied at several different orientations to increase the number of 

measurements, or pairs of Dirichlet to Neumann data, Fig 2.2b, where the number and precision of 

independent measurements determines the achievable spatial resolution in the resultant EIT solution. 

In a real EIT system, fixed electrode positions, finite numbers of drive current orientations and 

measurements, and finite precision results in a severely ill-posed problem [139]. This ill-posed problem 

stems from two characteristics of the system: firstly, the number of independent measurements which 

Figure 2.1: Schematic showing approximate temporal and spatial resolutions, and imaging depth, of several 

imaging technologies for mapping neural activity in the brain.  
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can be made is significantly less the number of elements (pixels or voxels) requiring a solution value – 

several orders of magnitude in some cases; and, secondly, the system’s inability to detect even very 

large changes in impedance in sub-volumes which are below its spatial resolution creates instability in 

the solution [139]. The severely ill-posed problem nature can be managed through a priori knowledge 

of the size, shape and magnitude of features within the conductivity distribution, which constrain 

instabilities in the solution, and an assumption of linearity between the sample conductivity distribution 

and the boundary voltage data [139-141], which is valid for small conductivity changes [139]:  

𝐀𝐱 = 𝐛         (2.1) 

where 𝐀 is the Jacobian matrix, 𝐱 is a 1D matrix of the conductivity change values for pixels (or voxels) 

in the sample, Fig 2.2c, and 𝐛 is a 1D matrix of boundary voltage change measurements. The 

formulation of equation 2.1 uses changes in conductivities, 𝑥 =  ∆𝜎 , and boundary voltages, 𝑏 = ∆𝑉 ,  

from some baseline, which may be an a priori computer model of a generic sample, or a set of reference 

measurements, depending on the application and imaging mode.  

2.2.1. Forward EIT solution 

The Jacobian matrix in equation 2.1, also called the sensitivity matrix, is populated using a finite element 

(FE) model of the sample [139]. The model allows the user to generate predictions of boundary voltage 

changes for specified conductivity changes in sub-volumes of specified size and location; a process 

which is typically performed on software due to the large number of sub-volumes [142]. The FE model 

should contain as much prior information about the sample as possible, though, in practice, some 

assumptions and generalizations are inevitable [140, 141, 143]. Important aspects for the model to 

contain are:  

 Electrode properties: the size, shape, material (conductivity), positions and contact impedance 

of electrodes. The size, shape and high conductivity of the electrodes generates a shunting 

effect, which create a uniform voltage under the electrodes; whereas the contact impedance 

generates a voltage drop across the interface between the electrode and sample and acts to 

reduce the shunting effect. These two effects constitute the complete electrode model (CEM) 

[144]. Electrode movement in experiments may also be considered [145, 146] 

 Morphological information: the size and shape of the sample boundary and internal boundaries 

between regions with differing impedances can improve the inverse solution accuracy [140, 

147], though generic models can suffice where identifying impedance anomalies is more 

important than accuracy of localisation of the anomalies [148].  

 Impedance of the model elements: the initial assumed impedance distribution for static EIT 

imaging, which reconstructs the static impedance distribution of a sample, or the baseline 

impedance distribution and change in impedances for dynamic EIT imaging, which 

reconstructs temporal changes in the impedance distribution of a sample. Values may come 

from experimental data [149-151] or modelling [118, 122].  
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 Electrode configuration: the placement of electrodes around the sample, and which patterns 

of drive electrode connections are used [152-154].  

2.2.2. Inverse EIT solution 

Once the Jacobian is populated, inversion of equation 2.1 allows estimates of the conductivity change 

distribution, 𝐱𝒆, to be produced from the product of the inverted Jacobian, 𝐀 , and experimental 

boundary voltage data, 𝐛𝒆 this is known as the inverse EIT solution:  

𝐱𝒆 = 𝐀 𝐛𝒆        (2.2)  

Regularization of the Jacobian is required during inversion to stabilize the solution because of the ill-

posed nature of the EIT problem [155]. Common regularization methods in EIT are Tikhonov 

regularization, Newton's One-step Error Reconstructor (NOSER) algorithm, and Total variation 

regularization, which offer different trade-offs between robustness against noise and smoothness of 

boundaries between elements with different impedance characteristics [139, 144, 156-158].  

The FE model can be a powerful tool to evaluate experiment parameters, application feasibility, and 

reconstruction algorithms. However, when using FE models to synthesize data for these evaluation 

purposes, it is important for the forward and inverse FE models to differ from one another. Failure to 

implement differences between the forward and inverse FE models constitutes – to borrow a phrase 

from Colton [159] – an “inverse crime”. Guidelines on what differences should be implemented between 

the models are presented in [139], and include, briefly:  

 The mesh size should be finer in the inverse model, used to synthesise data, to simulate a 

physical system which – obviously – is not meshed.  

 Conductivity boundaries should differ between the two models, to simulate realistic a priori 

knowledge of the sample structure. 

 Noise and errors should be added to the synthesized data to simulate hardware limitations 

and imperfections.  

 Quantization of data to simulate analogue to digital conversion.  

 Testing the model results with varying values for the parameters mentioned above in this list, 

and considering the mean and variance of the results. 

 Un-biased parameter selection, for example the Tikhonov regularisation parameter.     
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Figure 2.2: Principle of EIT shown on a 2D sample containing an impedance anomaly. The drive current 

(𝐼 ) produces a voltage gradient through the sample, which are measured using six measurement electrodes 

𝑉 , to 𝑉 ,   arranged around the boundary (a). Three other drive current configurations (b). The 2D sample 

segmented into triangular pixels with conductivity𝜎  (c). 

(a) 

(b) 

(c) 
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2.3. Bio-impedance  

Data on the bio-impedance of multiple tissues and organs was compiled by Geddes et al in 1967 [151], 

which, while extensive in tissue type, was limited to data across narrow frequency ranges or at single 

frequencies. Several decades later, Gabriel et al [150] compiled existing literature again, and then 

compared it to their own results across the frequency range 10 Hz to 20 GHz. These studies revealed 

the different cytostructures and biomolecular compositions found in different biological tissues, and 

different tissue macrostructures found in different organs, produce unique impedance frequency 

responses [151].  

Notably absent from both Geddes et al [151] and Gabriel et al [150] was the electrical impedance of 

peripheral nerve, with the closest physiological match being the dorsal column of cat from work originally 

carried out by Ranck Jr et al [160]. In volume conductor models of the mammalian peripheral nerve, it 

is common, instead, for researchers to use impedance values for dorsal column of cat, of 12.11 Ω.m 

transverse (across the nerve fibres) and 1.38 to 2.12 Ω.m longitudinal (parallel to nerve fibres), see for 

example [161-163]. Physiological similarities between dorsal column and peripheral nerve include 

highly aligned, predominantly myelinated nerve fibres within a connective tissue matrix, and 

heterogeneous fibre diameter distribution [41, 164]; whereas dissimilarities include different volume 

fraction extracellular space, of 0.5 [40] and 0.21 [165] in peripheral nerve and dorsal column of rat, 

respectively, and the types of neuroglia present in the central and peripheral nervous systems [42]. 

2.3.1. The impedance signal: transient impedance changes during neural 

activity 

In EIT, the transient changes in tissue impedance are observed as corresponding changes in each 

boundary voltage measurement, which we may term the ‘impedance signal’. These signals are the data 

which are input into the forward and inverse solutions. 

The physiological basis for the transient impedance changes during neural activity are the ion channels 

in the neuron membrane which open to facilitate transmembrane ion currents during propagation of 

action potentials. The ion channel activity modifies the membrane conductivity, changing the impedance 

of the cell as a whole, and influencing the conduction paths of the EIT drive current, an effect which 

was first demonstrated on crab (Cancer pagarus) nerve ex-vivo [117]. While the ion channel kinetics 

differ between the unmyelinated axons in crab nerve and the neurons and unmyelinated axons in the 

cerebral cortex, or ‘grey matter’, of the human brain, both can be modelled electrically as two resistive 

fluids separated by a capacitor and variable resistor in parallel representing the cell membrane [118, 

166]; these circuits are presented and analysed in chapter 5, section 5.2 of this thesis.  

The structural anisotropy in nerves, which is created by the morphology of nerve fibres and their highly 

aligned organization in peripheral nerves, requires different electrical models and generates different 

impedance frequency responses for drive currents in the longitudinal direction, parallel to the fibres, 

and transverse currents, across the fibres [117, 118, 166]. The larger impedance signal which is 
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produced with a longitudinal drive current has led researchers to focus on this configuration in 

development of mathematical models. In 2012, Liston et al. developed a cable theory based model of 

a crab nerve under longitudinal current, which they validated against earlier experimental data, and 

then extended the model to the cerebral cortex by accounting for additional cell types, using the relevant 

electrical parameter values, and introducing factors which account for the random cell orientation with 

respect to current [122]. More recently, the first FE model implementation of the impedance signal 

produced by an unmyelinated human axon was presented in [167], again with longitudinal current.  

The frequency response of the impedance signal has been characterized experimentally on crab nerve, 

and rat cerebral cortex and thalamus, with maxima (and -6 dB reductions) of -1 % at DC (-6 dB at 50 

Hz) in crab nerve [119, 120]; and, a local maximum of -0.13 % and -0.4 % at 1.475 kHz (-6 dB either 

side of maximum at approximately 1 and 2 kHz) in cerebral cortex and thalamus, respectively, under 

evoked physiological activity [1]. Under evoked epileptiform activity in the cortex [5], the fast neural 

component contained a frequency response similar to that of evoked physiological activity, whereas the 

slow impedance changes due to cell swelling in epileptiform activity showed a maxima at 1 - 1.5 kHz (-

6 dB at 5 kHz).  The different frequency responses demonstrate the dependence on both the biophysics, 

such as ion channel kinetics, and the larger cytostructure, Fig 2.3. It is worth noting that when comparing 

data sets, while the shape of the frequency dependent impedance response can be compared, the 

amplitude of the response is dependent on several experiment variables, such as the electrode 

configuration, and the size and proximity of the neural activity to the drive current.   

2.3.2. Demodulating the impedance signal  

Signal processing of boundary voltage measurements demodulates the impedance signal from the 

carrier signal and removes electrophysiological activity. Two established signal processing methods 

are: (i) Phase – antiphase subtraction, and (ii) band pass filter – Hilbert transform. The visually 

discernible separation into two groups of impedance frequency response data in Fig 2.3, demarcated 

at around 825 Hz, is due to these different demodulation methods, where the lower frequency range 

data was produced using Phase-antiphase subtraction.   

2.3.2.1. Phase – antiphase subtraction  

Phase-antiphase subtraction was first described and demonstrated on crab nerve using 1 Hz square 

wave drive current [120], and extended to 125 to 825 Hz sinusoidal drive current and demonstrated on 

crab nerve and rat cortex [119]. The method involves measurement of a repeated neural event twice, 

with a 180 degree phase lag introduced to the drive current between the two measurements. Addition 

of the two data sets removes the boundary voltage component generated by the EIT drive current 

through phase cancelling, and doubles the amplitude of the passive electrical activity. Conversely, 

subtraction of the two data sets removes the passive electrical activity but leaves the boundary voltage 

component generated by the EIT drive current. With sinusoidal drive currents, after subtraction, the 

transient amplitude of the boundary voltages are demodulated by band pass filtering around the drive 

current frequency and then applying the Hilbert transform. The main benefit of the phase-anti-phase 
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subtraction approach is its compatibility with low frequencies, where the impedance amplitude signal is 

largest, Fig 2.3.  

2.3.2.2. Band pass filter – Hilbert transform 

In the band pass filter – Hilbert transform (BPFHT) method, boundary voltages are first band pass 

filtered around the drive current frequency with a band width that captures the transient impedance 

changes and filters out the passive electrical activity, and then Hilbert transformed to demodulate the 

transient impedance changes. Therefore, for this approach the drive current frequency must be 

sufficiently above the frequency components of the passive electrical activity. The transient impedance 

can be demodulated from the boundary voltage recordings using the Hilbert transform because the 

impedance amplitude-modulates the boundary voltages. The main benefits of this approach are easier 

implementation and reduced processing steps when compared to phase-antiphase subtraction. It is 

favoured by more recent EIT studies [10, 116, 124, 125, 168, 169].  

 

Figure 2.3: Frequency dependent impedance responses of different neural tissues across 0 Hz (DC) to 5 kHz.  
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2.4. System configuration 

2.4.1. Imaging modes 

2.4.1.1. Static EIT    

Static EIT reconstructs the distribution of absolute impedance values within the sample. The 

reconstruction problem is non-linear because the relationship between the applied current and 

boundary voltages depends not only on the magnitude of impedance changes but also the size and 

location of the associated sub-volumes (or pixels) [139]. The problem is assumed to be linear over small 

impedance changes, and a series of small iterative steps are used to reach the solution [139, 170]. The 

inclusion of a priori information, be it geometric detail or impedance bounds for the different issues, can 

be used to aid reconstruction accuracy [140, 141].  

2.4.1.2. Frequency difference EIT 

Frequency difference EIT (fDEIT) and Weighted fDEIT apply drive currents at two frequencies to the 

sample, and use the differences in the impedance frequency-response to detect impedance anomalies. 

The former, fDEIT, is being investigated as a tool to diagnose stroke through its ability to distinguish 

ischemic brain tissue [115, 171, 172]. Similarly, multi-frequency EIT (MfEIT) excites the sample at 

multiple frequencies simultaneously and uses the impedance frequency-response to reconstruct the 

distribution of absolute impedance values within the sample [173, 174]. Frequency difference EIT is 

well suited to biomedical applications where the tissues of interest exhibit different impedances [150, 

175]. Considering tissues as a capacitor and resistors, a resistance variation in the sample produces a 

change in voltage amplitude at the acquisition electrodes, similarly a capacitance variation produces a 

phase shift [170]. 

2.4.1.3. Time difference EIT  

Time difference EIT (TDEIT) reconstructs the change in distribution of impedance values between a 

given time instance and a reference state using the difference in boundary voltages between the two. 

The use of two temporally spaced boundary voltage measurements from the same sample removes 

static errors originating from hardware. Perhaps the greatest advantage of EIT for biomedical 

applications is the high temporal resolution, a few milliseconds in modern systems [116, 123, 124]. This 

resolution is well above the temporal frame of patient movement allowing swallowing, respiratory, 

cardiac and gastrointestinal functions to be imaged [118, 139]. TDEIT has received significant interest 

in chest imaging to monitor ventilation and perfusion in the lungs [176-179], and in imaging neural 

activity in the brain to identify the epileptic foci [2, 5, 125, 138]. 

Temporal resolutions higher than a few milliseconds are theoretically possible, but depend on the 

injected current frequency, sampling rate and sample impedance [119]. Furthermore, the need to switch 

between each pair of current-injection electrodes within the temporal frame of the target activity creates 
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an additional constraint. The transient nature of action potentials makes TDEIT most suitable for 

imaging neural activity in peripheral nerves, and therefore it was used in the modelling and animal 

studies presented in this thesis, chapters 5 – 9.  

2.4.2. Multiplexing 

2.4.2.1. Time division multiplexing 

The need to generate measurements with drive currents applied at multiple different orientations for 

each temporal frame of the EIT reconstruction necessitates multiplexing. Time division multiplexing 

(TDM), where the drive currents are applied sequentially, is by far the most common approach in TDEIT 

of neural activity. Here, we separate TDM into two groups: quasi-static [180-183], and time-locked [10, 

116, 124, 125, 168, 169].  

In quasi-static TDM, the frame rate is the inverse of the product of the duration that each drive current 

is injected, which must be at least several periods, and the number of drive current orientations. In the 

fEITER system [180-183], a 10 kHz drive current is applied sequentially for 5 periods each across 20 

electrode pairs, resulting in a 10 ms temporal resolution and 100 frames/second frame rate. While this 

approach produces errors in the reconstruction through the assumption of static impedance across the 

duration of each frame, is it suitable for the relatively long duration impedance changes caused by bulk 

neural activity (~100 ms) and hemodynamic changes (several seconds). Using the model presented 

earlier in Fig 2.2, an example of this time multiplexing approach being used to image a transient 

impedance change is shown in Fig 2.4a. With fast neural activity, the quasi-static approach would 

conceivably require drive current frequencies in the order of 100’s of kHz to resolve the short duration 

impedance changes (~1 ms). 

In time-locked TDM, the drive currents are each applied for a duration much longer than that of the 

target impedance change from neural activity, and so time-locked TDM requires the neural activity to 

repeat, Fig 2.4b. Repeating neural activity can occur naturally in some autonomic neural pathways, 

such as respiratory and cardiac signals in the vagus nerve [168], or unnaturally in clinical applications, 

such as vagus nerve stimulation for treatment of epilepsy [184]. In most EIT research, the repeating 

neural activity is generated using a repeating stimulus, and is a popular approach because it also allows 

use of ensemble averaging of multiple data sets to reduce noise [10, 116, 124, 125, 168, 169]. 
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Figure 2.4: (a) Quasi-static time division multiplexing of slow impedance changes, and (b) time-locked time division 

multiplexing of fast impedance changes. In both, the drive current orientations are applied sequentially in time.  

(b) 

(a) 
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2.4.2.2. Frequency division multiplexing 

In frequency division multiplexing (FDM) EIT, multiple drive currents are applied to the sample 

simultaneously and at different orientations [185, 186]. The respective transient impedance changes 

associated with each drive current can be demultiplexed using the BPFHT method, which has been 

demonstrated in studies on induced epileptic seizures in rat [8] and sheep [102]. While, FDM 

theoretically permits real-time EIT imaging of fast neural activity, a major limitation is the non-linear 

relationship between impedance change and frequency, Fig 2.3, which limits the number of parallel 

drive currents. Characterizing and overcoming such limitations when implementing FDM-EIT in a nerve 

cuff was the focus of the animal studies in this thesis, chapters 7 – 9.  

2.4.2.3. Phase division multiplexing 

In phase division multiplexing (PDM), drive currents with a known phase offset are applied to the sample 

simultaneously and at different orientations. When a 90 degree phase offset is used, the approach is 

called quadrature carrier multiplexing. The two signals can be demultiplexed using trigonometric 

functions [187], and, because they occupy the same frequency band, doubles the number of possible 

drive currents which can be applied within the operating frequency range. To date, PDM-EIT has only 

been performed on a resistor phantom [187].  

2.4.3. Electrode configuration 

2.4.3.1. Transcranial electrodes 

Early EIT systems used transcranial electrodes arranged in a ring around the head, and demonstrated 

EIT imaging of the comparatively slower haemodynamic effects of neural activity evoked by visual 

stimulus [172, 188, 189]. A recent study showed the functional Electrical Impedance Tomography of 

Evoked Responses (fEITER) system was capable of imaging bulk neuronal activity (occurring over a 

100 ms time scale) and haemodynamic effects evoked by visual stimulus and the Valsalva manoeuvre 

at 100 frames per second and with an impedance signal SNR of around 20 dB. However, in a separate 

study, fast neural activity during visual stimulus showed significantly smaller SNRs, of circa 3 dB, even 

after averaging 1,200 data sets to reduce random noise in the data [190].  

2.4.3.2. Epi-cortical electrodes 

In several animal studies, researchers addressed the critically low SNR observed with EIT imaging of 

fast neural activity by performing craniotomies and placing epicortical electrode arrays on the surface 

of the cerebral cortex [1, 5, 116, 119, 125]. Increasing the proximity between the electrodes and target 

neural activity, and removing the attenuating effect of the cranium, produced cortical impedance signals 

with peak SNRs of approximately 30 dB [1, 119] in response to paw stimulation.  
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The change to epicortical electrode arrays changed the forward model significantly, with respect to 

transcranial electrodes, and required new evaluation of drive and measurement electrode patterns. A 

modelling study by Faulkner et al. [191] revealed that the best imaging results were generated by drive 

electrode configurations which maximized the current density in the region of interest. Therefore, to 

image shallow brain regions, the drive electrodes are in relatively close proximity to one another and 

selected based on maximum electroencephalography potentials produced by the target neural activity 

[1, 5, 116], whereas to image deep brain structures the electrodes are farther apart [1] or on opposite 

sides of the brain [136] to maximize current penetration depth. While impedance signals could be 

recovered from activity in deep structures such as the thalamus in [1], tomographic reconstruction of 

fast neural activity was determined to be limited to 2.5 mm below the surface of the cortex [136].  

2.4.3.3. Intra-cortical electrodes 

While conventionally EIT theory is applied to boundary current injections and voltage measurements, it 

is also compatible with penetrating electrodes. Two recent modelling papers predicted the improved 

imaging depth of surface EIT over surface passive electrical recordings, Fig 2.1, extends to penetrating 

electrodes [137, 138]. Where the imaging range around penetrating intra-cortical electrodes of passive 

electrical recordings is limited to around 200 µm for fast electrical activity [192], modelling of EIT in the 

thalamus of the common marmoset, Callithrix jacchus, using two parallel rows of 16 intra-cortical 

electrodes could reconstruct simulated neural activity up to 300 µm from the array, as well as concurrent 

activity [137]. Modelling of fast and slow epileptic activity in patient specific models of the human head 

with between 7 and 12 depth electrodes showed improved imaging range and improved accuracy in 

localization of the neural activity when using a combination of intra-cortical and scalp electrodes 

compared to intra-cortical electrodes alone and scalp electrodes alone [138].  

2.5. EIT imaging of neural activity in the mammalian peripheral nerve 

In a multi-channel nerve cuff, the arrangement of electrodes around the circumference of the nerve is 

consistent with surface neural EIT methods, and the close proximity between neural tissue and 

electrodes in a nerve cuff is comparable to epicortical EIT, where recent successes in neural EIT have 

been realized [2, 116, 125, 136]. In EIT of rat cortex, the 2.5 mm imaging depth of physiologically 

realistic neural activity reported in [136], and spatial resolutions in the range of 50 to 400 µm [2, 116, 

123, 124], would represent a meaningful improvement in current nerve cuff performance if replicated 

on human peripheral nerves.  

2.5.1. Existing work  

In a modelling study by Tarotin et al (2019) [126], the authors estimated the impedance signal amplitude 

and frequency characteristics using an FE model of a single myelinated fibre, and compared the BPFHT 

demodulation method with the phase–antiphase subtraction  method.  The model predicted peaks in 
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impedance signal amplitude at around 8 kHz using a longitudinal current. The frequency response of 

myelinated nerve has been characterised in vivo by Aristovich et al [10] using a transverse current in 

the range 6 to 15 kHz, which showed a peak at 6 kHz. 

Three studies have presented EIT reconstruction of neural activity in mammalian nerve: a proof of 

principle study by Aristovich et al (2018) [10] and a FE model validation study by Ravagli et al (2019) 

[127], where the authors stimulated the tibial and peroneal nerve branches and reconstructed fascicle-

level activity in the sciatic nerve of rat (see Appendix A: Nerves of Rat Hindlimb); and, an electrode 

fabrication study by Chapman et al (2019) [128], where the authors stimulated the recurrent laryngeal 

nerve branch and reconstructed fascicle-level activity in the vagus nerve of sheep. In all three studies, 

researchers opted to determine the forward EIT solution using existing isotropic cylindrical model 

approaches, multiplexed with TDM, and demodulated with the BPFHT method.  

2.5.2. Outline for investigation 

Though EIT on peripheral nerves is a relatively recent focus of research, the similarity in principle to 

EIT of cortex, where significantly more work has been done, provides some insight into the stages of 

investigation. Grouping of neural EIT studies into three categories of neural tissue: unmyelinated nerve, 

cerebral cortex, and myelinated nerve, and into three investigative stages:  modelling, characterization, 

and EIT imaging, provides an outline for investigation of EIT in mammalian peripheral nerve, Table 2.1.  

1) Modelling:  

 Equivalent electrical circuits, which contain anatomical details of the nerve fibre and ion 

channel biophysics, are used to produce an estimate of the impedance signal amplitude 

[122, 126, 166, 167].  

 Implementation of the tissue impedance into an FE model of EIT which contains 

morphological detail of tissue boundaries can be used to evaluate performance 

characteristics such as SNR and imaging depth [123, 147]. The model also provides the 

data for the Jacobian in EIT reconstruction. 

 An FE model can also be used to establish the optimal drive and measurement electrode 

pattern for use in experiments [191]. 

2) Characterization provide insight into the application feasibility.  

 Analysis of the impedance signal frequency response with evoked neural activity [1, 5, 119, 

120] helps determine performance characteristics of the experiment apparatus such as 

sample rate, analogue input range, resolution of analogue to digital conversion, acceptable 

noise level, and filter settings.  

 Characteristics of the impedance signal also determine demodulation [119, 120] and 

multiplexing [8, 187] approach.  

3) EIT imaging: 

 EIT reconstruction under evoked neural activity conditions [2, 10, 116, 123, 125, 127, 128], 
including real time imaging of slow impedance changes during epileptic activity [102] 
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2.6. Summary: Electrical Impedance Tomography 

 EIT is an imaging modality which can estimate variations in impedance distribution by probing 

the sample with currents at different orientations and measuring the resultant boundary 

voltages; i.e. Calderon’s inverse conductivity problem. 

 In practice, EIT is a severely ill-posed inverse problem due to the limited number of currents 

and boundary measurements with respect to the number of variables (voxels). 

 With neural EIT in the brain, progression from scalp, to epicortical, to intracortical electrodes 

has offered improvements in imaging depth, resolution and accuracy. Epicortical EIT has been 

Outline step: Unmyelinated nerve Cerebral cortex Myelinated nerve 

1. Modelling     

Equivalent electrical 
circuit  

Cable model: Boone et al 
(1996) [118] 
FE model: Tarotin et al 
(2019a) [167]  

Cable model: Liston et al 
(2012) [122] 

FE model: Tarotin et al 
(2019b) [126] 

FE model   Scalp: Bagshaw et al (2003) 
[147] 
Epicortical: Aristovich et al 
(2016) [123] 

 

Electrode 
configuration 

 Epicortical: Faulkner et al 
(2017) [191] 

Nerve cuff: Ravagli et al 
(2019) [127] 

2. Characterization    

Characterize 
impedance signal in 
neural tissue 

Gilad et al (2009) [120]  
Oh et al (2011) [119] 

Scalp: Gilad et al (2009) [193] 
Epicortical: Mayo et al (2018) 
[1] & Hannan et al (2018) [5] 

Transverse current: Aristovich 
et al (2018) [10] 
 

Demodulation and 
multiplexing 

Phase-antiphase subtraction: 
Gilad et al (2009) [120] & Oh 
et al (2011) [119] 

BPFHT and FDM, Epicortical: 
Dowrick et al (2015) [8]; 
Witkowska-Wrobel et al 
(2019) [102] 

 

3. EIT imaging    

EIT reconstruction of 
neural activity 

 Epicortical: Aristovich et al 
(2014) [123]; Aristovich et al 
(2016) [116]; Vongerichten et 
al (2016) [2]; Hannan et al 
(2018) [125]; Witkowska-
Wrobel et al (2019) [102] 

Fascicle level activity: 
Aristovich et al (2018) [10]; 
Chapman et al (2019) [128]; 
Ravagli et al (2019) [127] 

Table 2.1: Categorization of existing neural EIT work into three categories of neural tissue: unmyelinated nerve, 

cerebral cortex, and myelinated nerve; as well as three investigative steps: modelling, characterization, and EIT 

imaging.  
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used to reconstruct evoked physiological and epileptiform neural activities with millisecond 

temporal resolution, sub millimetre spatial resolution, and imaging depth of several millimetres.  

 In the context of EIT, the primary differences between cerebral cortex and mammalian 

peripheral nerve are the high levels of myelination and alignment of nerve fibres in the latter, 

which, respectively, creates differences in the impedance frequency response and anisotropy.  

 Recent neural EIT studies using nerve cuff on myelinated peripheral nerve have characterized 

the frequency response of the impedance signal using a transverse current, and reconstructed 

fascicle-level neural activity in the sciatic and vagus nerves with sub-millisecond temporal 

resolution.  

2.7. Conclusion  

Neural EIT studies have imaged evoked neural activity in both the cortex and peripheral nerve at 

impressive spatiotemporal resolutions, but have overwhelmingly used bench-top conditions such as 

time division multiplexing, ensemble averaging, or artificially evoked neural activity. For neural 

prosthetics, development in the areas of demodulation, frequency and phase multiplexing, and noise 

reduction are particularly important for their relevance to achieving a real-time EIT neural interface. 
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3. THESIS OVERVIEW 

 

 

 

3.1. Purpose 

The motivation of this thesis is to explore EIT in nerve cuffs for control of neural prosthetics. Much of 

the existing work in the field of neural EIT has used time division multiplexing to capture data and 

ensemble averaging to improve signal to noise ratio, both of which are inconsistent with real-time 

imaging. Resolving neural signals with minimal temporal delay is critical for neural prosthetics as users 

operate their prosthetics in real-time. Therefore, the goals of this thesis address two areas associated 

with real time EIT: (i) improving the signal to noise ratio, and (ii) frequency multiplexing of EIT drive 

currents.  

3.2. Overview of Chapters 

3.2.1. Finite element model 

A finite element (FE) model was used to generate data for the forward and inverse problems to evaluate 

feasibility of the EIT in nerve cuff for neural prosthetics and determine which drive and measurement 

electrode pattern and stimulation protocol would maximize the signal to noise ratio in animal 

experiments. The first three chapters address the development and use of this model. 

Chapter 4: In humans, the macrostructural features of a nerve – such as the size, number, and shape 

of fascicles, as well as the nerve fibre diameter distribution – varies between each subject, and so for 

development of patient specific FE models of nerve these features need to be measured.  Chapter 4 

presents an ex vivo study on sciatic nerve of rat which examined whether optical coherence tomography 

(OCT) can differentiate epineurium tissue from the intra-fascicle environment, and estimate the 

diameter distribution of nerve fibres within fascicles. OCT was selected for the study because it is a 

non-invasive imaging modality which can be used to image tissue in vivo. Therefore, the results are 

indicative of what might be achievable in a patient requiring a neural prosthetic.  
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Chapter 5: Impedance values for active and inactive myelinated nerve tissue are necessary for the FE 

model but were not found in literature. Chapter 5, therefore, presents a modelling study to estimate 

these impedance values. The study applied analysis techniques from literature, which were developed 

for unmyelinated fibres, to equivalent electrical circuits of myelinated fibres. Variables analysed in the 

model included myelinated versus unmyelinated fibre; fibre diameter; transverse and longitudinal 

current; electrode spacing with longitudinal current; and frequency. The resultant tissue impedance 

estimates at 1 kHz were programmed into a FE model of a nerve in nerve cuff, and this model was used 

to evaluate the feasibility of EIT of fascicle level activity in sciatic nerve of rat under typical noise 

conditions. 

Chapter 6: The drive and measurement electrode pattern in EIT significantly affects the image 

reconstruction quality. Two features of the FE model developed in chapter 5 differed significantly from 

the FE models in literature: (i) anisotropic conductivity along the length axis; and, (ii) anisotropic 

changes in conductivity in the active neural tissue which were uniform along the entire length of the 

tissue domain. Therefore, chapter 6 presents a new modelling investigation to evaluate drive and 

measurement electrode patterns in nerve cuff. The results provide a recommended drive and 

measurement pattern for use in later animal experiments based on the expected spatial resolution and 

signal to noise ratio. 

3.2.2. Frequency division multiplexing 

FDM was identified as a promising area for investigation due to its compatibility with real-time imaging. 

Two investigations were performed in this area, both on sciatic nerve of rat in vitro.  

Chapter 7: In the first in vitro investigation of this thesis, the impedance of inactive myelinated nerve 

tissue was measured, and the frequency components of the compound action potential produced in 

response to stimulation via the hind paw was characterized. The values obtained were compared to 

estimates from the nerve impedance model presented in chapter 5 and used to identify the target 

frequency range for FDM experiments.  

Chapter 8: In the second in vitro investigation, the frequency characteristics of the impedance signal 

produced in response to stimulation via the hind paw was characterized, and the demodulation settings 

were determined for two parallel drive currents at different frequencies. When considered together with 

the frequency range identified in chapter 7, the results indicated the number of parallel drive currents 

which can be implemented in an FDM EIT system with the paw stimulation and sciatic nerve recording 

method.  

3.2.3. Signal to noise ratio 

The ill posed nature of EIT makes it highly sensitive to noise. In FDM EIT, each drive current is a noise 

source, therefore increasing the noise compared to TDM EIT systems. Furthermore, the frequency roll-
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off in the impedance signal limits the number of parallel drive currents with sufficient SNR, which, in 

turn, limits the imaging performance of the FDM-EIT system.  

Chapter 9: A novel hardware implementation of the drive current source was evaluated on sciatic nerve 

of rat in vitro. The approach introduces a physical capacitor and inductor circuit to the capacitance and 

resistance of the nerve tissue and electrodes, which creates a parallel resistor-inductor-capacitor (RLC) 

resonant circuit. The RLC circuit ameliorates the capacitive charge transfer across the nerve tissue by 

forcing the drive current across the tissue’s resistive paths to which EIT is sensitive, thereby increasing 

the impedance signal. During the course of this RLC study, the frequency response of the impedance 

signal with a longitudinal drive current, and the time dependent changes in the impedance signal in a 

cadaver, were both characterised.  
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4. EXTRACTING MORPHOMETRIC 
INFORMATION USING OPTICAL 
COHERENCE TOMOGRAPHY   

 

 

 

4.1. Introduction 

In the field of neural prosthetics, the performance of nerve cuffs for recording and stimulating bio-electric 

signals can be improved using physiologically accurate volume conductor models of nerves [162, 194]. 

The morphometric details required for such models are the size, number and location of fascicles, the 

thickness of the epineurium and perineurium ultra-structural tissue layers, and the spatial variations in 

fibre diameter distribution. It is common to use simplified morphometric details, such as in [194-196], 

however, the results are not transferrable to patients due to patient specific tissue morphology. Another 

approach is to use destructive imaging methods, such as light microscopy, to acquire micrometre 

resolution histological images of the nerve cross section at one location and then extrude this along the 

length dimension, such as in [197, 198], however, this does not account for the length variation in tissue 

morphology caused by fascicle bifurcation [199]. Magnetic resonance imaging (MRI) enhanced with 

gadolinium-DTPA (diethylenetriamine penta-acetic acid) contrast agent, a non-destructive imaging 

method, has been used to image the size, number and location of fascicles in an extracted nerve tissue 

with a voxel size of 30 x 30 x 250 µm3 [162], which is promising, particularly if replicated with in-vivo 

measurements. For a patient-specific and physiologically accurate model, a non-destructive volumetric 

imaging method is required with a resolution of several µm. 

The structure of peripheral nerves comprises one or more fascicles bound together by epineurium 

tissue, 10’s of μm thick [200]. In humans, the median nerve is several mm across and can contain 10 

or more fascicles at the elbow, with each fascicle ranging in size from 0.12 to 2 mm2 [41], whereas, in 

comparison, the rat sciatic nerve is approximately 1 mm across and can contain 3 to 4 fascicles ranging 

in size from 0.05 to 1mm2. Each fascicle contains several thousand nerve fibres bound together by 

endoneurium tissue, and encompassed by a layer of perineurium tissue several μm thick [201]. Nerve 

fibres are long cylinders ranging in size from 1 μm to 22 μm diameter and are heterogeneously 
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distributed within fascicles [41]; they are also highly aligned, densely packed, and usually sheathed in 

lipid rich myelin from encasing Schwann cells. The orders of magnitude of the dimensions of the nerves 

under study place Optical Coherence Tomography (OCT), a non-destructive imaging method, well as 

a potential means to acquire morphometric details without damaging the nerve.  

Qualitative OCT techniques of distinguishing neural tissue from surrounding tissue [202-205], 

identifying different neural tissue layers [202-204, 206, 207], and analysing levels of myelination [208] 

do not provide quantified values nor confidence levels. On the other hand, quantitative OCT techniques, 

such as the depth-resolved analysis of optical properties [209] and statistical analysis of spectra [210, 

211], provide quantified values for nerve tissue morphometry but have not been validated. Other 

quantitative OCT techniques, such as analysis of Mie scatter spectra [212] and optical scattering 

properties [213], have been used to classify tissue but have not yet been applied to peripheral nerves. 

There is therefore a need to evaluate and validate the performance of OCT techniques in imaging 

peripheral nerves, which builds on preliminary work in Hope et al [214]. 

In this chapter, results are presented from three quantitative OCT signal analysis techniques that were 

identified in literature and replicated with some improvements on images of rat sciatic nerve acquired 

with a swept source OCT (SS-OCT) system. Of the three OCT techniques - average depth resolved 

profile (ADRP), autoregressive spectral estimation (AR-SE), and correlation of the derivative spectral 

estimation (CoD-SE) – one, the former, was selected for the study presented in this chapter as it was 

developed specifically for estimation of the thickness of the external layer of epineurium. The 

identification and quantification of internal epineurium tissue layers would allow determination of the 

size, number and location of fascicles. The latter two techniques, AR-SE and CoD-SE, were developed 

for scatter size estimation applications, and selected for the study presented in this chapter due to their 

potential to evaluate the spatial variations in fibre diameter distribution. With each technique, two tasks 

were attempted: 1) extract the epineurium layer thickness, and 2) distinguish adipose tissue. In addition 

to this, for the two techniques based on scatter size estimation a third task was attempted: 3) estimation 

of fibre diameter distribution of nerve fibres within fascicles. Results were compared to histological 

analysis performed on light-microscopy images, a step which is absent in the original reporting of the 

OCT techniques [209-212, 215]. When replicating each technique, parameters were selected using 

unbiased methods, or otherwise noted as biased, to ensure fair comparison and practical application. 

New applications of the two scatterer size estimation techniques were demonstrate by using them to 

evaluate the combined thickness of epineurium and perineurium tissue, and to differentiate adipose 

tissue from neural tissues.  

The results of this chapter quantify what level of anatomical detail can be realistically incorporated into 

an FE model of EIT in a nerve cuff, and help demonstrates OCT as a complimentary tool for developing 

patient specific nerve models to improve performance of neural prosthetics.  
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4.2. Materials and Methods 

4.2.1. Tissue preparation and handling 

The animal procedures were approved by the University of Auckland Animal Ethics Advisory 

Committee. All animal specimens were rats of Wistar breed and male. Euthanasia was performed by 

first anaesthetising with isoflurane and then performing cervical dislocation. A total of 3 nerve tissue 

samples were explanted, each extending the entire length of the sciatic nerve and, distal to bifurcation, 

as much of the tibial and peroneal branches as practicable. Samples were then stored in 0.01M 

phosphate buffered solution (PBS) at 4ºC for up to three days before being transported and imaged 

using OCT. The physiologic pH and osmolarity of PBS ensured the cellular and ultra-structural features 

of the sample were preserved. Several points along each tissue sample were randomly selected and 

marked with Davidson’s marking dye and 1% picric acid, and these points imaged with OCT. Ex-vivo 

imaging allowed any location of the nerve to be imaged by manipulating the nerve instead of the incident 

light beam, which would have required significant modifications to the OCT system. This study presents 

results and images from one point each from the sciatic section of two nerves, and one point from the 

tibial section of one nerve. 

During OCT imaging, tissue samples were suspended at two points 20mm apart along the length. 

Sagging of the tissue sample was used as a visual indication that the tissue sample was not 

mechanically stretched. Four OCT images, at 90º offsets, were acquired of the dyed points within the 

suspended section. Between image acquisitions 0.01M phosphate buffered solution was applied to the 

outside of the nerve, using a syringe, to avoid tissue drying. Post imaging, the tissue samples were 

returned to the phosphate buffered solution and transported to the Anatomy and Medical Imaging 

department at the University of Auckland for histological analysis by light microscopy.  

Error introduced by thermal expansion, caused by variation in the sample temperature during imaging 

between 4ºC and 20ºC, is expected to be <0.5% using the thermal expansion coefficient of water. Error 

introduced from stretching, due to suspension of the tissue samples during OCT imaging, is <0.05% 

using a Poisson’s ratio and Young’s modulus of 0.37 and 41MPa respectively [216].  

4.2.2. Microsphere samples 

Three microsphere samples (Spherotech Inc.) were used in this study with concentration, and mean 

diameter +/- 1 standard deviation of: 1) 5% w/v, 3.8 +/-0.25 µm; 2) 5% w/v, 5.33 +/-0.25 µm; and 3) 

2.5% w/v 8.49 +/-0.25 µm. Standard deviations of their respective size distribution were calculated using 

measured data provided by the supplier with the samples. For each sample, the vial containing the 

microspheres in solution was shaken vigorously to ensure homogeneity of the solution before a 1 mL 

sample was extracted and transported, using a pipette, to a separate container under the OCT system 

and immediately imaged.  
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4.2.3. OCT image acquisition and processing 

The OCT system has a swept source centered at 1310 nm with an 80nm bandwidth (3dB). The system 

has 12.5 μm axial resolution, 20 μm lateral resolution, and the 6 dB drop off in air is over 12mm. More 

details of the OCT system can be found in earlier studies by Goodwin et al and Braeuer et al [217, 218].  

The B-scan direction was perpendicular to the length of the nerve tissue samples, spanned a physical 

distance of 5mm, and contained 714 A-scans. B-scans were saved from the LABVIEW® user interface 

to text files and then processed individually with MATLAB® 2015b using the signal analysis techniques 

described below. 

In order to determine the distance when calculating epineurium thickness, an average refractive index 

had to be used for the entire OCT image; here, the refractive index of n=1.40 was used, which is the 

average of values reported for myelin (1.455) [219] and bovine tendon, a collagenous connective tissue, 

(1.353) [220]. The axial distance per pixel, of 10 µm in air, was, therefore, 7.1 µm in neural tissues in all 

subsequent calculations of epineurium thickness.   

4.2.4. Histological analysis by light microscopy  

Histology by light microscopy was performed at 1 location on each of the tissue samples, see Fig. 4.1. 

Tissue samples were preserved in 10% Neutral Buffered formalin for 24 hours, followed by 70% ethanol 

prior to paraffin embedding. Tissue slices 10 µm thick were obtained using a microtome then 

Haemotoxylin & Eosin (H&E) was used to stain the collagen rich epineurium, perineurium and 

endoneurium tissues pink. Lipid rich myelin was stained with Luxol Fast Blue. Images were obtained 

on a Leica DM500 light microscope at 4x, 10x and 40x magnifications. A uniform shrinkage of 10%, 

produced during the preparation process, was taken into account by multiplying all values extracted 

from histology by a factor of 1.1.  

The thickness of epineurium tissues was determined using images obtained at 4x magnification. In 

each image, a line was drawn through the tissue layers, perpendicular to the tissue outer surface, at 20 

locations approximately equidistant around the fascicle boundaries. Then, the thickness of tissue along 

these lines was measured manually. Error introduced by the measurement procedure was estimated 

to be +/- 1 µm. 

Fibre diameter distribution was calculated in areas of the tissue sample images which were visually 

identified as containing few artefacts from sample preparation. A grid of 100 μm squares was laid over 

the area of interest in the 40x magnification images and the fibre diameter distribution was calculated 

for each grid square. Fibres were typically ellipsoid shaped, therefore, the major and minor axes were 

used to calculate the diameter of a circle with equivalent area. The diameter estimates contained 

approximately +/-1 µm uncertainty. Furthermore, the method employed could not identify fibre 

diameters less than 3 µm due to the very thin, or absent in the case of unmyelinated fibres, myelin 

sheath.  



 

38 
 

4.2.5. Average depth resolved profile (ADRP) technique  

Two techniques to identify the fascicle boundary, one using structural data and the other phase 

retardation data, are presented in Islam et al [209]. Both techniques are applied to the average depth-

resolved profile (ADRP) of the middle 50% of A-scans of the tissue sample. The ADRP is generated by 

first cropping pixels outside the tissue sample, then flattening the remaining pixels so that each row in 

the columns of data (A-scan) correlates to the same axial depth in the tissue sample, and, finally, 

averaging values across each row. In order to estimate the fascicle boundary with higher lateral 

resolution the ADRP was implemented across windows containing 5 A-scans, which were scanned 

laterally across the sample in 1 pixel steps.   

The ADRP-structural-data technique operates on the expectation that the anatomy of the intra-fascicle 

volume will produce a uniform decay rate of the OCT signal [209]. To identify the fascicle boundary the 

ADRP-structural-data technique plots the signal to noise ratio (SNR) of the ADRP on a logarithmic scale 

against depth, then fits a linear slope to the uniformly decaying region of the curve, Fig. 4.1. The 

absolute difference between the linear fit and the ADRP curve forms the residual SNR curve. A 

threshold value is then calculated as the mean plus 2 standard deviations from the linear portion of the 

residual SNR curve. The fascicle boundary is identified by the intersection of the threshold value and 

the curve neighbouring the uniformly decaying region. In the study presented in this chapter, the 

implementation of the 5 A-scan sliding window method fitted the linear slope to data from a depth range 

of 15 to 50 pixels in all window ADRPs, Fig. 4.1. The start value of 15 pixels, correlates to a depth of 

113 µm, which is outside the typical epineurium thickness values provided by histological analysis and, 

therefore, is highly unlikely to include epineurium tissue.  

The SNR was calculated at each depth using SNR =  20log(I 𝜎⁄ ), where I is the signal intensity at that 

depth, and 𝜎 is the standard deviation of the noise. To find 𝜎, the standard deviations of the 5 A-scans 

nearest to one end of the B-scan, and so known not to contain any reflectors across the depth range of 

interest, were determined and then the average of these values calculated. 

To identify adipose tissue, calculated the threshold from the entire portion of the residual SNR curve, 

instead of just the linear portion, was calculated which increases the threshold value. In areas with 

epineurium, the residual-SNR curve in the uniformly decaying region was below the threshold and the 

initial peaks of the residual-SNR curve, associated with epineurium, was above the threshold. 

Conversely, in areas with adipose tissue, which contained multiple peaks and no uniformly decaying 

region, the residual SNR curve oscillated around the threshold.  

In the ADRP-phase-retardation technique, a linear slope is fitted to the rising portion in a plot of phase 

retardation against depth, which occurs due to the birefringence of myelin. The residuals, threshold and 

fascicle boundary are then calculated in the same way as the ADRP-structural-data technique. The 

ADRP phase-retardation technique was not employed on any tissue samples as the OCT system used 

was not polarisation sensitive.  
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4.2.6. Autoregressive spectral estimation (AR-SE) technique  

The diameter range of nerve fibres places them in the Mie scattering regime, which generates diameter 

dependent spectral modifications. The AR-SE technique for estimating scatterer diameter, which 

statistically analyses the spectral content of backscattered light, was originally presented on phantoms 

[221], and then later applied to biological samples, including the sciatic nerve of rabbit [210, 211]. The 

technique assumes a linear relationship between the scatterer diameter  𝐝 and the eigenvectors 

produced by principal component analysis of the power spectral density 𝐏  produced using Burg’s 

method, such that 𝐏 𝐀 =  𝐝 where 𝐀 is a coefficient matrix which is populated using samples of known 

diameter, also called ‘training data’ 

The three microsphere samples described above (section 4.2.2) were used to obtain the training data. 

A window 50 x 10 pixels (axial x transverse) in size was raster scanned across half of the OCT image 

at 25 and 1 pixel steps respectively. Data was row-averaged to suppress noise and normalised to 

reduce variations from depth attenuation. The decay of autoregressive reflection coefficients towards 

zero determined the autoregressive order to use in calculating the power spectral density. A target 

variance of 99.99% determined the number of components to extract from weighted principal 

component analysis (PCA) of the power spectral density data. The remaining half of each OCT image 

of microspheres was used to obtain diameter estimates.  

In applying the AR-SE technique to OCT data from tissue samples, larger window sizes reduced noise 

but potentially removes more of the targeted detail such as the intra-fascicle boundary and localised 

variation in fibre diameter distribution. Furthermore, the maximum autoregressive order that can be 

Figure 4.1: An ADRP curve and corresponding residual SNR. The ADRP curve was generated by averaging 5 

adjacent Ascans from a flattened OCT image and the linear fit calculated from pixel depth range of 15 to 50 

pixels (a), where a pixel depth of 0 is the surface. The corresponding residuals, calculated from Fig. 4.1a, and 

the threshold line used to determine the epineurium inner boundary (b).  

Epineurium inner boundary 

Nerve outer surface (taken as 
epineurium outer boundary) 

(a) (b) 
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applied is one less than the number of data points, i.e. the axial window size. A window size of 10 x 10 

pixels, scanned at 1 pixel steps, was selected as it produced a good balance between noise reduction 

and sufficient resolution. At each step, the autoregressive order to use was determined by analysing 

the autoregressive reflection coefficients, with a drop below +/-0.2 in magnitude used as the threshold 

criterion. Alternatively, when the decay of autoregressive reflection coefficients towards zero was not 

clearly identifiable, an autoregressive order of 3 was selected as this value was common in the tissue 

samples and was found to minimise noise in the solution.   

In the processed OCT images, each lateral and depth pixel contained a fibre diameter estimate. An 

area of interest was selected from the processed OCT images, which began sufficiently below the 

surface to pertain to the intra-fascicle volume, and the diameter estimates at all pixels within the area 

formed the sample for analysis of fibre diameter distribution. 

4.2.7. Correlation of the derivative spectral estimation (CoD-SE) technique  

The CoD-SE technique was originally presented by Kassinopoulos in Ref [215], and then updated with 

additional signal processing steps in Ref [212]. This technique uses Mie theory to generate spectra for 

spherical scatterers before taking the derivative and then the autocorrelation to produce the correlation 

of the derivative (CoD). The CoD bandwidth is calculated as the first minimum, i.e. the minimum with 

the lowest lag value, in the CoD of the spectra. A curve is fitted to a plot of the theoretical relationship 

between the scatterer diameter and CoD bandwidth. In OCT data, the spectra are obtained using the 

Fourier transform with a Gaussian window. In order to lower the noise, spectra are low pass filtered and 

the edges are removed. Differentiating with respect to the neighbouring value followed by 

autocorrelation produces the CoD. CoD-SE is highly sensitive to the lateral position of the window 

relative to the scatterer, and to the axial window size. To address the former, an intensity threshold of 

5dB above the noise level is introduced and the highest intensity of 3 laterally adjacent windows is 

assigned to all 3 lateral positions. To address the latter, the axial window size, which is used to obtain 

sample spectra, is selected to minimise the standard deviation of the resulting scatterer diameter 

estimates.  

An additional step was appended to the end of the original method, outlined in the previous paragraph, 

in order to improve the scatterer diameter estimates produced from our microsphere samples: the 

window axial size was selected to minimise the ‘normalised’ standard deviation of the scatterer diameter 

estimate, calculated as the standard deviation divided by the corresponding mean.  

The CoD-SE algorithm was tested on three microsphere samples with same concentration and mean 

diameter as in the AR-SE experiments, see section 4.2.5. The theoretical curve was generated using 

the MATLAB functions of Mie theory presented [222, 223] and refractive indices of water and 

polystyrene [224] (𝑛  = 1.3225 + 0.001𝑖 and 𝑛  = 1.59 + 0.0025𝑖 ). An exponential function was 

fitted with the form 𝑓 =  𝑑 𝑒  where 𝑓  is the CoD bandwidth, 𝑑 is diameter, and 𝐴 & 𝐵 are 

constants defining the curve, as this provided an excellent fit within the diameter range 3 µm to 16 µm. 

Unbiased methods were not identified to select 1) the standard deviation of the Gaussian window in the 
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Fourier transform, and 2) the extent to crop the edges of spectra to remove noise. A standard deviation 

of the Gaussian window equal to half of the window size, and cropping of 3.9 nm (100/4096 points) 

from each end of the spectral range, were selected through trial and error using the microsphere 

samples. Diameter estimates were produced for each image pixel using 13 different axial window sizes 

from 3 to 15 pixels, all with a lateral size of 1 pixel, scanned at 1 pixel steps. At each step, and for each 

window size, the Butterworth filter (2nd order, zero phase, low pass) cut-off frequency was selected 

using Winter’s method, with resulting values in the range 0.225 +/-0.004 π.rad/sample (0.899 +/-0.016 

nm-1). 

For tissue samples, a value for the refractive index of endoneurium nor its close relative epineurium 

could not be found. Instead, the value for bovine tendon was used, which is, like endoneurium, a 

collagen rich connective tissue. Therefore, the theoretical CoD bandwidth curve was generated using 

refractive indices of myelin (𝑛  = 1.455 [219]) and bovine tendon (𝑛  =  1.353 [220]), to which 

an exponential function was fitted of the form 𝑓 =  𝑑 𝑒 . Values for the standard deviation of the 

Gaussian window in the Fourier transform, the extent to crop the edges of spectra, the Butterworth filter 

parameters were all carried over from microsphere experiments. Axial window sizes from 3 to 15 pixels 

were used to generate diameter estimates, and then a 3 x 3 scanning window was used to determine 

the diameter estimate to use for each pixel location based on minimisation of the normalised standard 

deviation. Scatterer size estimates were directly assigned as fibre diameter distribution estimates.  

In the processed OCT images, each lateral and depth pixel contained a fibre diameter estimate. An 

area of interest was selected from the processed OCT images, which encompassed the intra-fascicle 

volume, and the diameter estimates at all pixels within the area formed the sample for analysis of fibre 

diameter distribution. 

4.3. Results 

4.3.1. Epineurium thickness 

4.3.1.1. Histological analysis  

With H&E staining the fascicle, boundaries in the sciatic branches were clearly identifiable in light 

microscopy images of all three tissue samples by the change from dark pink stained epineurium and 

perineurium tissues to the lighter pink intra-fascicle environment mottled with unstained nerve fibres, 

Fig. 4.2. Adipose cells are unstained by H&E. Adipose tissue commonly appeared in clusters of several 

cells, each with a diameter of >20 µm, apposed to the nerve outer boundary was present in large 

quantities in tissue sample 1 and in small quantities in tissue samples 2 and 3, Fig. 4.2. 

The combined epineurium and perineurium thickness was estimated as 50 +/- 38 µm, 45 +/- 32 µm and 

31 +/- 25 µm (mean +/- 1 standard deviation) across the entire light microscopy image for tissue 

samples 1, 2 and 3 respectively.  
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Due to the small thickness of perineurium relative to epineurium, and because one layer of each are 

always present and adjacent to one another in the tissue layer separating the intra-fascicle volume and 

the outer nerve boundary, from here onwards in this chapter the combined epineurium and perineurium 

tissue layers are referred to as just the epineurium layer.  

 

 

 

 

Figure 4.2: Light microscopy images at 4x magnification, stained with H&E, of tissue sample 1 (a) and tissue 

sample 2 (b) of sciatic nerves, and tissue sample 3 (c) of the tibial nerve branch. In all images the scale bar is 

100 µm. Images have been rotated in order that the incident beam in OCT, acquired for four tissue orientations, 

coincides with each side of the light microscopy image, where the sides: left, bottom, right, top correspond to 

OCT imaging orientations: 1, 2, 3, 4 respectively (a). After alignment with OCT, the top, bottom and two sides 

of the nerve within each histological image were identified, shown with dashed lines in (b), and the middle 50% 

of the nerve boundary was assigned as the middle 50% in linear distance between the respective ends, shown 

with arrows in (b). Tissue features of peripheral nerve are labelled in (c). 
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When the light microscopy images were aligned to the corresponding OCT image, and the middle 50% 

of the nerve boundary was analysed to match the area imaged and analysed by OCT, the localised 

standard deviations of the epineurium thickness estimates were smaller than those obtained for the 

entire nerve. This indicates epineurium thickness varies along the outer boundary. The distribution of 

the thickness estimates for tissue sample 1 orientation 3 and tissue sample 3 orientations 1 & 2 showed 

multiple peaks across the range of values, i.e. multimodal. All other tissue samples’ orientations were 

right skewed, i.e. favouring smaller thickness, see Table 4.1.  

 

 

 Light 
microscopy 

ADRP: 
Conventional 

ADRP: 
5Ascan 

AR-SE: 10x10 

Tissue sample 1     

orientation 1 * 77 40 (37) 70 (75) 

orientation 2 * 91 42 (39) 72 (50) 

orientation 3 59 (34) MM 63 48 (28) RS 27 (24) RS 

orientation 4 19 (10) RS 85 37 (27) RS 17 (22) RS 

Tissue sample 2     

orientation 1 28 (19) RS 83 44 (28) RS 43 (50) RS 

orientation 2 29 (11) RS 91 61 (32) MM 22 (23) RS 

orientation 3 44 (20) RS 91 56 (34) MM 44 (41) RS 

orientation 4 30 (25) RS 105 33 (34) RS 26 (31) RS 

Tissue sample 3     

orientation 1 23 (14) MM 77 57 (38) RS 43 (43) RS 

orientation 2 41 (29) MM 46 28 (29) RS 28 (39) RS 

orientation 3 22 (12) RS 71 40 (37) RS 20 (25) RS 

orientation 4 22 (16) RS 49 51 (35) RS 27 (32) RS 

* adipose tissue prevalent  

  
 

Table 4.1:  Epineurium tissue layer thickness, in µm, estimated from histology, conventional and 5Ascan 

methods within the ADRP technique, and with a 10 x10 window for the AR-SE technique. Mean (standard 

deviation). A refractive index of 1.41, producing 7.1 µm axial distance per pixel within nerve tissue, used to 

obtain ADRP and AR-SE values. Histology estimates are taken across the middle 50% of each orientation, 

whereas the ADRP and AR-SE signal analysis techniques are applied to the middle 50% of A-scans in each 

image. ‘RS’ = Right skewed, ‘MM’ = Multimodal. In the ADRP conventional column, bold text indicates values 

within +/-1 standard deviation of the value obtained using light microscopy. Elsewhere, italic text indicates 

agreement of medians (Wilcoxen rank sum test, α = 0.05) and analysis of variance (Kruskal-Wallis test, α = 

0.05) with the corresponding data obtained using light microscopy. 
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4.3.1.2. Average depth resolved profile (ADRP) techniques 

Using the conventional ADRP-structural-data method, to construct the ADRP from the middle 50% of 

A-scans, estimates of the combined epineurium thickness from all orientations of tissue samples 1 and 

2 were consistently lower than results obtained from sciatic nerve presented in the original study for the 

ADRP-structural-data technique of 133 +/-14 µm [209]. Tissue sample 3 is from the tibial nerve branch 

and so is not directly comparable. Epineurium thickness estimates obtained using the conventional 

ADRP-structural-data technique on tissue sample 1 orientation 3 and tissue sample 2 orientation 2 are 

within +1 standard deviation, and tissue sample 3 orientation 4 within +2 standard deviations of the 

mean values provided by measurement from corresponding histology by light microscopy. The 

remaining estimates are greater than +2 standard deviations, indicating significant disagreement 

between values, Table 4.1.  

Thickness estimates using the 5 A-scan sliding window method were consistently lower than those 

obtained using the conventional ADRP method. Furthermore, with the exception of tissue sample 2 

orientations 2 and 3, the distribution of thickness estimates were right skewed, i.e. favouring smaller 

thickness. With the exception of Tissue sample 2 orientation 2, all estimates in Table 4.1 obtained using 

the ADRP-5Ascan method are within 1 standard deviation of the values obtained from light microscopy, 

however, the right skewed distributions of data make means a poor measure for comparison. The 

medians (Wilcoxen rank sum test, α = 0.05) and analysis of variance (Kruskal-Wallis test, α = 0.05) of 

estimates obtained with the ADRP-5Ascan from tissue sample 1 orientation 3,  tissue sample 2 

orientations 3 & 4, and tissue sample 3 orientations 2 & 3 were in agreement with the corresponding 

histology by light microscopy.  

4.3.1.3. Autoregressive spectral estimation (AR-SE) technique 

The layer of epineurium and perineurium tissues was visually identified as a contiguous area of large 

diameter scatterers along the surface of the nerve. The relationship between the thickness of this 

contiguous layer of scatterers and the thickness of the epineurium tissue was investigated using a digital 

phantom of an epineurium layer, which was constructed using a 50x50 element array with each element 

equal to 0.01 and within this array several adjacent rows containing values of 1 to mimic epineurium. 

Application of the AR-SE algorithm to the phantom showed the epineurium thickness along each A-

scan could be approximated by difference between the base width of the contiguous scatterer peak and 

the window axial size, Fig 4.3a. In nerve samples, due to the presence of scatterers along the inside 

boundary of the epineurium tissue layer, Fig 4.3b, the contiguous scatterer peak was isolated by 

removing scatterer estimates below 5 µm. The scanning window axial size was then subtracted from 

the full-width-half-mean of the contiguous scatterer peak, in place of the base width, to estimate the 

epineurium thickness.  
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Visual identification of the layer of epineurium tissue, as a contiguous area of large diameter scatterers 

along the surface of the nerve is an observation not reported in the original study. The distributions of 

thickness estimates produced with the AR-SE technique are generally right skewed with a long right-

hand tail which makes the means a poor measure for comparison, Fig. 4.4. Indeed, none of the AR-SE 

thickness estimate means were in agreement with their corresponding histology by light microscopy 

(two sample Kolmogorov-Smirnov test, α = 0.05). Estimate medians (Wilcoxen rank sum test, α = 0.05) 

and analysis of variance (Kruskal-Wallis test, α = 0.05) of tissue sample 1 orientation 4, all orientations 

of tissue sample 2, and tissue sample 3 orientation  4 were in agreement with their corresponding 

histology by light microscopy.  

It is evident in box and whisker plots of AR-SE estimates in Fig. 4.4 that in all tissue samples and 

orientations there was at least one, and typically several, thickness estimates of 0 µm, which is 

biologically impossible.  

 

 

 

 

Figure 4.3: Signal intensity and corresponding diameter estimate from the AR-SE algorithm for epineurium 

phantom (a) and an A scan taken from tissue sample 1 orientation 4 (b). Using the phantom's response to the 

AR-SE algorithm it was determined that epineurium thickness can be estimated from the FWHM of the 

contiguous scatterer peak observed at the nerve outer boundary.  

(b) (a) 
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4.3.1.4. Correlation of the derivative spectral estimation (CoD-SE) technique 

Scatterer diameter estimates produced by the CoD-SE algorithm varied depending on the size of the 

square scanning window, with larger square windows favouring smaller mean diameter estimates with 

smaller standard deviations. An unbiased method of selecting this parameter is desirable for practical 

application of the CoD algorithm. On OCT data of nerve tissue, a contiguous layer of estimates within 

the range of 2.2 to 4 µm were produced around the tissue boundary where the epineurium layer is 

expected to reside. Although this narrow diameter range may potentially provide a means to distinguish 

the epineurium layer from the adjacent air on one side and intra-fascicle volume on the opposing side, 

a method to easily isolate this layer from scatterers present along its internal and external boundaries 

was did not identified. In addition, a relationship between this contiguous layer and the epineurium 

thickness was not determined through application of the CoD-SE algorithm to a digital phantom of an 

epineurium layer. Therefore, epineurium thickness estimation with the CoD-SE technique was not 

pursued further.   

4.3.2. Fibre diameter distribution 

4.3.2.1. Histological Analysis  

Tissue sample 1 orientation 4 contained easily identifiable landmarks – in the form of two ‘humps’ – for 

alignment to corresponding OCT images, and contained two fascicles with a difference in fibre diameter 

distributions that was easily perceptible at 10x and 40x magnifications, Fig. 4.5a. Tissue sample 1 

Figure 4.4: Distribution of epineurium tissue layer thickness estimates for tissue samples 1 (a), 2 (b) and 3 (c). 

Within each tissue sample boxplot, estimates from histology by microscopy (black), the 5 A-scan window 

method within the ADRP technique (red), and AR-SE technique with a 10 x 10 window (blue), are grouped 

together for each orientation.  

(a) (b) (c) 
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orientation 4 was therefore selected for fibre diameter distribution analysis. A minor histological artefact 

is evident in this sample where the left fascicle has been pulled away from the right fascicle during 

slicing on the microtome, Box and whisker plots of the fibre diameter distributions within the left (grids 

1 – 9) and right (grids 10 – 18) fascicles showed higher medians, upper and lower quartiles, and 

maximum values in the majority of grids in the right fascicle compared to grids of the left fascicle, Fig. 

4.5b. Further analysis, using one-way ANOVA with α = 0.05, revealed significant difference between 

the means of grids 1 and 3 within the left fascicle, and no significant difference between the means of 

grids in the right fascicle. The left and right fascicles possessed diameters of 6.1 +/-2.1 µm and 10.1 +/- 

3.0 µm (mean +/- 1 standard deviation) respectively. One-way ANOVA, α = 0.05, also revealed 

significant difference in fibre diameter between the two fascicles, indicating a heterogeneous fibre 

diameter distribution at the fascicle level.  

Figure 4.5: Histological analysis of fibre diameter distribution. Light microscopy image of histology at 10x 

magnification of tissue sample stained with LF Blue (a), scale bar is 100 µm. Numbered grid used in fibre 

diameter distribution calculations are shown overlaid on the light microscopy image (a), with results presented 

in box and whisker plots (b) confirming significant difference in fibre diameter distribution between the left (grids 

1 – 9) and right (grids 10 – 18) fascicles.  

(a) 

(b) 

Left fascicle Right fascicle 
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4.3.2.2. Autoregressive spectral estimation (AR-SE) technique 

In each of the microsphere samples, the autoregressive reflection coefficients decayed rapidly towards 

zero, Fig. 4.6a, which specified low autoregressive orders for calculating the power spectral density. 

Weighted principal component analysis of the power spectral densities produced similar, but 

distinguishable, eigenvectors for all three microsphere samples, Fig. 4.6b, where, in all cases, the first 

variable contributed the most to the first two principal components, and the second variable contributed 

the most to the third principal component. The AR-SE technique estimated the diameters of 

microsphere samples of 3.8, 5.33, and 8.49 µm diameter as 3.6 +/- 0.90, 5.0 +/- 1.2, and 7.9 +/- 2.1 µm 

(mean +/- 1 standard deviation) respectively, Table 4.2. These results show a good diameter estimate 

accuracy (t-test, α = 0.05) but with high probability of large (>25%) errors in individual measurements.  

On OCT data from tissue sample 1 orientation 4, Fig. 4.7a, the AR-SE technique predicted a 

heterogeneous distribution of fibre diameters in both fascicles, Fig. 4.7b. A small difference between 

the scatterer diameter   distributions in the left and right fascicles was predicted, with means of 7.6 and 

8.1 µm respectively, Table 4.2, and medians of 8.2 and 9.0 respectively, Fig. 4.7c. The diameter 

distribution estimates were significantly different to those produced from the corresponding histology 

by light microscopy images (t-test, α = 0.05; and Wilcoxen rank sum test, α = 0.05), Fig. 4.7c. Therefore, 

in the example analysis of this image, the AR-SE technique correctly predicted a larger scatterer 

diameter distribution in the right fascicle but did not accurately quantify the difference between the two 

fascicles’ distributions.  

 

 

 

Manufacturer’s data / 
Histology (µm) 

AR-SE (µm) 
CoD-SE: 

conventional 
(µm) 

CoD-SE: 
normalised s.d. 

(µm) 

Microsphere phantom     

3.8 µm microspheres 3.8 (0.25) 3.6 (0.9) 4.3 (1.5) 4.3 (1.5) 

5.33 µm microspheres 5.33 (0.25) 5.0 (1.2) 4.6 (1.5) 5.7 (1.4) 

8.49 µm microspheres 8.49 (0.25) 7.9 (2.1) 6.3 (1.9) 6.3 (1.9) 

Tissue sample 1 orientation 4  

Left fascicle 6.9 (2.2) 7.6 (4.8) 9.7 (3.3) 10.4 (4.4) 

Right fascicle 10 (3.1) 8.1 (4.6) 9.6 (3.2) 10.9 (4.4) 

 

Table 4.2: Scatterer diameter estimates, in µm, of microsphere samples and the intra-fascicle volume of the 

left and right fascicles in tissue sample 1 orientation 4. Estimates from histology, a 10 x10 window in the AR-

SE technique, the ‘CoD-SE: conventional’ technique - which selects each estimate based on minimisation of 

the standard deviation, and the ‘CoD: normalised s.d. technique – which selects each estimate based on 

minimisation of the normalised standard deviation. Data are presented as mean (standard deviation) in µm. 
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Figure 4.7: OCT data of tissue sample 1 orientation 4 (a) and the same image after processing with AR-SE 

technique (b), and resultant fibre diameter distribution estimates (c). Scale bars in (a) & (b)  are 100 µm. In (b) 

the epineurium layer is visible as a contiguous layer of large diameter scatterers, with diameter on the colour 

scale. The white outlined region in (b) indicate the areas where data were used to produce the fibre diameter 

distribution estimate with the AR-SE algorithm for each fascicle, which are compared against the results from 

histology by light microscopy in a box and whisker plot (c). The AR-SE technique correctly predicted a larger 

scatterer diameter distribution in the right fascicle but did not accurately quantify the difference between two 

fascicles’ distributions. 

(a) (b) (c) 

Epineurium 

Left fascicle 

Right fascicle 

(a) (b) 

Figure 4.6: Autoregressive reflection coefficients (a) and principal components (b) used to estimate fibre 

diameter distribution with the AR-SE technique. The first 40 autoregressive reflection coefficients, used to 

determine the autoregressive order when calculating the power spectral density show a rapid decay towards 

zero for all three the microsphere samples (a). Contributions of the first three variables, v1, v2, and v3, to the 

first three principal components, Component 1, Component 2, and Component 3, from weighted principal 

component analysis of the power spectral densities of each microsphere sample (b).   
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4.3.2.3. Correlation of the derivative spectral estimation (CoD-SE) technique 

The CoD technique estimated the diameters of microsphere samples of 3.8, 5.33, and 8.49 µm diameter 

as 2.6 +/- 0.7, 2.8 +/- 0.5, and 4.5 +/- 0.3 µm (mean +/- 1 standard deviation) respectively, which 

indicates poor diameter estimate accuracy for all microsphere diameters, Table 4.2. All estimates 

corresponded to a scanning window axial size of 4 pixels, selected to minimise the standard deviation, 

whereas the smallest window axial size used in the original study was 5 pixels [212], Fig. 4.8a – 4.8c. 

Excluding window axial sizes of 3 pixels and 4 pixels from consideration provided a significant 

improvement in estimate accuracy: 4.3 +/- 1.5, 4.6 +/- 1.5, and 6.3 +/- 1.9 µm respectively. For all 

microsphere samples, the magnitude of diameter estimates showed a decreasing trend with decreasing 

axial window size, as did the standard deviation of estimates, which results in smaller diameter 

estimates being favoured. Selection via minimisation of the normalised standard deviation removed the 

effect of the downwards trends, and, with window axial sizes of 3 pixels and 4 pixels excluded, increased 

the estimate for 5.33 µm microspheres to 5.7 +/- 1.4 µm, Fig. 4.8d – 4.8f. Estimates for 3.8 and 8.49 

µm microspheres remained unchanged, Table 4.2.  

On OCT data of nerve tissue, pixels containing air produced an estimate of 1.775 µm, which 

corresponded to a lag of 1500(a.u.) and was the limit of considered range of the power fit to the 

theoretical CoD curve, Fig. 4.8g. As mentioned earlier, in section 4.2.4, epineurium produced estimates 

within the range of 2.2 to 4 µm. Therefore, to remove air and epineurium, scatterer diameter estimates 

of less than or equal to 4 µm were discarded in our analysis of fibre diameter distribution. On OCT data 

from tissue sample 1 orientation 4, Fig. 4.9a, the CoD-SE algorithm predicted a heterogeneous 

distribution of fibre diameters in both the left and right fascicles, Fig. 4.9b. A small difference between 

the scatterer diameter distributions in the left and right fascicles was predicted, with means of 10.4 and 

10.9 µm respectively, Table 4.2, and medians of 10.0 and 10.6 µm respectively, Fig. 4.9c. As for the 

AR-SE technique, the normalised CoD-SE technique correctly predicted a larger mean scatterer 

diameter in the right fascicle, but did not accurately quantify the difference.  
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Right fascicle 

Left fascicle 

Epineurium 

(a) (b) 

(c) 

(d) 

Figure 4.9: OCT data of tissue sample 1 orientation 4 (a) and the same image after processing with CoD-SE 

technique (b-c), and resultant fibre diameter distribution estimates (c).White boxes in (a) indicate the areas of 

the left and right fascicles used for analysis with the CoD-SE algorithm, and the white scale bar bottom left 

indicating 100 µm. The boxed areas in (a) are shown after processing with CoD-SE algorithm in (b) and (c), for 

the right and left fascicles respectively, with diameter on a colour scale. The diameter distribution of estimates 

within areas (b) and (c), with values below 4 µm excluded, are compared against results from histology by light 

microscopy in a box and whisker plot (d). The normalised CoD-SE technique correctly predicted a larger mean 

scatterer diameter in the right fascicle, but did not accurately quantify the difference. 

(a) (b) (c) 

(d) (e) (f) 

Figure 4.8: Mean and standard deviation (a – c), or mean and normalized standard deviation (d – f), of diameter 

estimates produced by each window size on microsphere samples with the CoD-SE algorithm. Normalising the 

standard deviation, as in (d – f), removes the decreasing trend with window size which seen in standard 

deviations (a – c). The CoD bandwidth across the scatterer diameter range of 1 to 16 µm, generated using 

refractive indices of water and polystyrene for use with microsphere samples, and refractive indices of bovine 

tendon and myelin for use with peripheral nerve samples (g).  

(g) 

(c) 
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4.3.3. Adipose tissue identification 

4.3.3.1. Average depth resolved profile (ADRP) technique 

Using the 5 A-scan sliding window method and calculating the threshold from the entire portion of the 

residual SNR curve, regions with adipose tissue apposed to the outer nerve boundary cross the 

threshold several times throughout the depth, Fig. 4.10b and 4.10c. In contrast, regions with epineurium 

crossed the threshold only once Fig. 4.10a and 4.10c. Thus, layers of adipose tissue were qualitatively 

distinguishable from epineurium tissue, a finding not reported in the original study [209]. Further studies 

on this effect are needed to establish the repeatability of this observation. It was not possible to identify 

the outer epineurium boundary beneath adipose tissue, and, as a result, the thickness of adipose tissue 

could not be estimated, nor was it possible to identify the uniformly decaying region indicating the intra 

fascicle volume beneath adipose tissue. The presence of adipose tissue, therefore, reduces the amount 

of information available from the ADRP technique.  

 

4.3.3.2. Autoregressive spectral estimation (AR-SE) technique 

Adipose tissue was qualitatively identified within the AR-SE technique as clusters of large diameter 

scatterers present in areas of the image where the contiguous layer of scatterers on the nerve surface, 

characteristic of epineurium tissue, was absent. It was not possible to identify the boundary between 

epineurium and adjacent adipose tissue, and, as a result, the thickness of adipose tissue could not be 

estimated. A heterogeneous distribution of nerve fibres could feasibly also appear as clusters of large 

diameter scatterers. Thus, it was not possible to distinguish adipose tissue from the intra-fascicle 

volume. Similarities between AR-SE estimates of adipose tissue, epineurium, and heterogeneous fibre 

Figure 4.10: Identification of adipose tissue with ADRP technique. Residual SNR curve of epineurium (a) is 

clearly distinguishable from adipose tissue (b) as the threshold, when calculated from the entire residual curve, 

intercepts with a single large peak. A colour map of tissue sample 1 orientation 2 produced by the ADRP-5Ascan 

method showing only above-threshold residual SNR data (c) with white scale bar bottom left indicating 100 µm; 

a significant amount of adipose tissue is visible. 

Epineurium  Adipose 

(c) 

Epineurium  
Adipose 

(a)  (b)  
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diameter distribution meant adipose tissue could not be identified with confidence without referencing 

against the corresponding light microscopy images.  

4.3.3.3. Correlation of the derivative spectral estimation (CoD-SE) technique 

Adipose tissue appeared as a heterogeneous distribution of scatterers within the range of 2 – 19 µm. 

A method of distinguishing adipose tissue from intra-fasicle volume was not found. The 50 µm and 

greater size of adipose cells, observed in histology by light microscopy, is beyond the Mie scattering 

range and so their true size cannot be estimated using the CoD-SE technique.  

4.4. Discussion 

A reference value for the combined thickness of epineurium and perineurium can be estimated by 

summation of the epineurium thickness range of 47 +/-25 µm for Sprague-Dawley rats weighing 350 to 

450 g [200] and the perineurium thickness range of 3 to 5 µm for Wistar rats weighing 200 to 250 g 

[201], producing a combined thickness of approximately 51 +/- 26 µm. This reference value is in broad 

agreement with the values obtained from histology, of 50 +/- 38 µm, 45 +/- 32 µm (mean +/- 1 standard 

deviation) for tissue samples 1 and 2 respectively. The value for tissue sample 3, of 31 +/- 25 µm, is 

not directly comparable as it is from the tibial, not the sciatic, branch. It is evident from the size of the 

standard deviations, which are large relative to mean values in both Dumanian et al [200] and our 

estimates, that there is a significant variation in epineurium and perineurium tissue thickness across 

the cross section of each tissue sample. The standard deviations for epineurium thickness estimates 

obtained using light microscopy were less variable than those obtained using the ADRP and AR-SE 

techniques, Table 4.1, which is likely due to the former being a direct measurement technique whereas 

the latter two use more variables in their calculation.  

When the ADRP was calculated using the middle 50% of A-scans, the technique produced estimates 

of epineurium thickness with an average of 86 µm, and which were consistently lower than those in the 

original paper, [209], which reported an average thickness of 133 µm on sciatic nerve of Sprague-

Dawley rats. Both of these values, 86 µm and 133 µm, are significantly above our reference value of 

51 +/- 26 µm [200, 201]. In addition, all of the epineurium thickness estimates which were produced 

using this technique were consistently and significantly larger than the corresponding estimates using 

histology by light microscopy. The technique, therefore, appears to consistently and significantly 

overestimate the epineurium thickness. Accuracy of epineurium thickness estimates using the ADRP 

technique were significantly improved through the addition to the method of a scanning window 

containing 5 adjacent A-scans. The 5 Ascan ADRP technique also resolves the image with a higher 

transverse resolution, which is beneficial to practical application of the technique due to the variable 

epineurium thickness observed in the histology by light microscopy. A qualitative method of identifying 

adipose tissue through the residual SNR is a new application of the ADRP technique. However, further 

studies are required to evaluate the repeatability of the proposed method. 
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Use of the structural and optical differences within the peripheral nerve to estimate epineurium layer 

thickness is a novel application of scatterer diameter estimation techniques, such as AR-SE and CoD. 

In the AR-SE technique, our observation of epineurium as a contiguous layer of large diameter 

scatterers presents a new means to identify the epineurium boundary. Our initial results of thickness 

estimates, using the difference between the full-width-half-mean of the contiguous scatterer peak and 

the axial scanning window size, are very promising. However, the accuracy of thickness estimates were 

significantly reduced by the inability of the technique to distinguish between the tissue layer and large 

diameter nerve fibres apposed to the inner tissue boundary, which, accordingly, inflates the affected 

tissue thickness estimates. In addition, the tendency of the AR-SE algorithm to produce some thickness 

estimates of 0 µm, which is biologically impossible, raises the question of robustness of using the full-

width-half-mean of the contiguous scatterer peak as an estimate of the base-width. Further studies on 

the relationship between the contiguous scatterer layer and epineurium thickness are needed.  

In the CoD-SE technique the epineurium tissue layers were visually identified as a contiguous layer of 

scatterers, however, a method to isolate this layer and a quantitative method to analyse the thickness 

were not identified in the study presented in this chapter. Application of the CoD-SE technique to 

estimating epineurium thickness from the contiguous layer is expected to suffer from the same problem 

identified in the AR-SE technique: an inability to distinguish epineurium tissue from clusters of fibres 

adjacent to the internal tissue boundary. This inability appears to be an inherent shortfall in the 

application of scatterer diameter estimation techniques to distinguishing tissue layers. 

Differences in fibre diameter distribution between fascicles were correctly identified by both the AR-SE 

and normalised CoD-SE techniques, however, the magnitude of this difference was not estimated 

accurately by either technique. In the AR-SE technique, it is possible that the estimate accuracy will be 

improved through the use of more biomimetic samples to populate the coefficient matrix within the 

algorithm. However, producing samples which mimic densely packed nerve fibres within the intra 

fascicle volume using materials with comparable refractive indices poses a challenge. Alternatively, 

spectral data gathered from fascicles of known fibre diameter distribution could be used to train the 

algorithm. Conversely, because the CoD-SE technique uses a Mie theory based model to predict the 

spectra, the challenge lies in locating suitable values for the refractive indices of the biological tissue 

and cellular layers. Furthermore, the myelinated fibre contains an internal scattering boundary between 

the myelin sheath and intracellular fluid of the axon which has not been considered in the study 

presented in this chapter.  

In all techniques, inaccuracy was compounded by the low axial resolution of our OCT system (10 µm 

in air) relative to the lower bounds of epineurium tissue layer thickness (10 µm) present in some areas 

of each tissue sample. None of the techniques could identify the epineurium boundaries beneath 

adipose tissue or on the far side of the intra-fascicle volume. Therefore, application of the techniques 

appears to be limited in depth, perhaps to as little as the first 100 – 200 µm, due to limitations of the 

techniques and to the highly scattering nature of adipose tissue and nerve fibres. This is in broad 

agreement with an observation by authors of the original ADRP technique [209], performed on an OCT 

system with 11 µm axial resolution in air, that the ADRP technique is unreliable at greater than 300 µm 
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depth due to a decrease in the SNR. The authors of the original AR-SE technique, performed on an 

OCT system with 13 µm axial resolution in air, qualitatively implied the presence of three fascicles within 

an OCT image of a peripheral nerve at depths of up to 500 µm [210], although, as the authors point 

out, without any validation. Several 100’s of µm depth penetration is sufficient to image the minor 

branches of the major nerves in humans, such as the pronator teres, flexor carpi radialis, and digital 

branches of the median nerve [41]. Furthermore, some medical applications, such neural tissue 

identification as an aid to surgery [202], do not require significant depth penetration, whereas others, 

such as monitoring of epineurium thickness in response implantation of nerve-cuff electrodes [225], or 

monitoring of myelination post crush injury [208], may garner useful information from the outer layers 

of the nerve alone.  

The principal advantage of OCT in extracting morphometric information from peripheral nerve is the 

wealth of information present in the OCT signal. As was the case in the study presented in this chapter, 

several signal processing techniques can be applied to a single set of OCT data, obtained from each 

nerve, in order to extract multiple morphometric details such as epineurium thickness (ADRP and AR-

SE techniques), fibre diameter distribution (AR-SE and CoD techniques), and tissue classification 

(ADRP technique). Variation of morphometric details along the length of the nerve could then be easily 

be accomplished by using C-scans.  

4.5. Conclusion 

Three OCT signal analysis techniques were evaluated and improved upon in this study as a means to 

extract morphometric details of peripheral nerves. New methods of estimating the epineurium thickness 

were identified, and initial accuracy of results are promising. Further development of these techniques 

and the use of higher resolution OCT system are expected to improve the accuracy. Methods of 

quantifying the fibre diameter distribution were not successfully produced, however, factors that 

potentially improve the methods were identified. A patient specific FE model of EIT in nerve cuff which 

is generated using OCT imaging data may incorporate the following morphometric features: 

 The epineurium thickness can be estimated by OCT with reasonable accuracy. For a nerve 

sample with 50 +/- 38 µm combined epineurium plus perineurium thickness, a representative 

estimate obtained using OCT is 80 µm. 

 The imaging depth is around 100 to 200 micrometres, and so internal fascicle boundaries could 

not be measured by OCT and should be omitted from the FE model.  

 The fibre diameter distribution could not be accurately estimated by OCT and should be omitted 

from the FE model. 

These observations are considered during development of an FE model for the EIT forward problem in 

chapter 5.  
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5. MODEL OF ELECTRICAL IMPEDANCE 
TOMOGRAPHY IN A NERVE CUFF 

 

 

 

5.1. Introduction 

Neural-EIT has been developed using nerve fibre impedance models based on unmyelinated fibre 

membrane dynamics and single cable theory, and a crab nerve animal model in experiments [3, 117-

122]. Nerve fibre impedance models have been combined with physiological information on the 

mammalian brain to image cortical activity during sensory stimuli in humans [180-183] and in rats [2, 

116, 123, 124]. In rat brain, spatial and temporal resolutions of 0.05mm & 2ms [116, 123] and 0.4mm 

& 3.3ms [2, 124] were achieved, which if replicated on a nerve cuff would provide sub-fascicle level 

selectivity. Efforts to apply EIT to a nerve cuff have reported transient longitudinal impedance changes 

in the nerve, but not spatial reconstruction of neural activity, using four longitudinally spaced electrodes 

[4]. Furthermore, using a nerve cuff containing a multi-electrode array configured in a single ring, which 

is sensitive to transverse impedance changes, fascicle level selectivity in rat sciatic nerve [226] and 

spontaneous activity of cardiac and pulmonary functions in vagus nerve of sheep [168] has been 

reported.  

In this chapter, existing approaches of modelling impedance changes in neural tissue, using equivalent 

electrical circuits, were extended to myelinated fibres, and then the resultant impedance estimates were 

implemented in an FE model of a simplified peripheral nerve. The FE model was used to evaluate the 

feasibility of EIT imaging in a nerve cuff on mammalian peripheral nerve, and the effect of anisotropic 

impedance of intra-fascicle tissue (fibres and extracellular space). The results provide insight into 

operating parameters in an experimental set-up, and the viability of a nerve-cuff based EIT interface for 

neural prosthetics.   
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5.2. Methods 

In accordance with other research the model of EIT in nerve cuff was separated into three components 

[119, 122, 123, 166]. The first component calculates transient changes to the conductivity of the nerve 

fibre membrane during propagation of an action potential using a Hodgkin-Huxley type model of ion 

channel behaviour [227] or using empirical data. Existing models were extended to account for 

myelinated fibres by first modelling the myelin sheath as a perfect insulator [228]. The second 

component calculates the specific impedance of nerve fibre under an oscillating extracellular current by 

modelling the smallest repeating unit of a fibre in extracellular space with an equivalent electrical circuit, 

and then solving this model with cable-theory. Cable theory models were modified for myelinated fibres 

by evaluating a single-cable model with lumped parameters, which allows direct application of 

impedance analysis techniques described in [122], and a more physiologically accurate double cable 

model with non-uniform ion channel distribution [229]. This second component was split into two 

sections in this chapter in order to address the transverse impedance, perpendicular to the fibre length 

axis, and the longitudinal impedance, parallel to the fibre length axis, separately. Separating the model 

into purely transverse and longitudinal impedance components provides a bulk approximation of the 

material anisotropy based on its smallest repeating unit. A bulk approximation assumes homogeneity 

of the material, which is biologically inaccurate at scales comparable to the smallest repeating unit of a 

nerve fibre, of several µm in the transverse direction and several 100’s of µm in the longitudinal 

direction, but is considered sufficiently accurate for the purpose of modelling bulk response of neural 

tissue in EIT. The third component uses bulk tissue conductivities in a layered volume conductor model 

of the nerve that is solved using the finite element method (FEM) to estimate boundary voltage data 

from given tissue conductivity distributions. The morphology of the model was based on a three-fascicle 

rat sciatic nerve [40, 201].  

The rat sciatic nerve offers similarities in morphology to the human median nerve which make it a 

suitable sample in PNI research for neural prosthetics. The rat sciatic nerve has 3 to 4 fascicles ranging 

in size from 0.05 to 1 mm2 (from histology [214]) each containing a heterogeneous distribution of motor 

fibres ranging in size from 10 to 15 µm [40]. In comparison, the median nerve in the human upper limb 

contains 10 or more fascicles at the elbow, which range in size from 0.12 to 2 mm2 each containing a 

heterogeneous distribution of motor fibres ranging in size from 12 to 22 µm [41]. All three major nerves 

which traverse the elbow in the human upper limb, the median, ulnar and radial, contain multi-fascicle 

morphology [230] and innervate muscles which control the motor functions of the hand and wrist [231].  

5.2.1. Membrane Conductivity 

In the same way that the conductivity of an axon membrane regulates the transmembrane ion flux 

during AP generation, it is also thought to regulate the transmembrane flux of the injected EIT current. 

Therefore, understanding the former is critical to modelling of the latter.  
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5.2.1.1. Unmyelinated Fibre Membrane 

For unmyelinated fibres, the membrane conductivity was calculated using the Hodgkin-Huxley model 

with parameters and equations for rats and mice provided in a 2014 study [232]. In the Hodgkin-Huxley 

model, the equilibrium condition, or Nernst potential 𝐸 , across the membrane is described by a battery 

and is maintained by ion pumps; the membrane capacitance by a capacitor 𝐶 ; and the ion channel 

conductance 𝐺  by a resistor 𝑅 , where 𝐺 = 1/𝑅 . Each ion channel current is therefore described by 

the equation 𝐼 =  𝐺 (𝑉 − 𝐸 ), where 𝑉  is the voltage across the axon membrane. The total membrane 

current, 𝐼 , is the sum of the sodium ion, potassium ion, leakage, and capacitive (𝐼 =  𝐶 𝑑𝑉 𝑑𝑡⁄  ) 

currents, which occur simultaneously and are assumed to be independent of one another. The Nernst 

potentials, passive leakage resistance, and membrane capacitance are assumed to be constant and 

are specific to the type of cell and animal.   

The ion channel conductance G  is voltage and time dependent and described in the HH model using 

activation variables which vary between 0 and 1 to indicate the fraction of protein molecules which are 

in the open state. Each voltage-gated ion channel contains four protein molecules which must all be 

open for the ion channel to admit ions, therefore the activation variables combine to a fourth power in 

the equations for sodium, 𝐺 (𝑉 , 𝑡) =  �̅� 𝑚 ℎ, and potassium, G (V , t) =  G n , conductance, where 

G  and G  are both constants which represent the maximum possible conductance of the associated 

ion, 𝑚 the sodium activation variable, and ℎ the sodium inactivation variable, and 𝑛 is the potassium 

activation variable. The rate of change of the activation variables are all described using: 

𝑑𝑦 𝑑𝑡⁄ =  𝛼 (1 − 𝑦) − 𝛽 𝑦, where 𝛼 is the voltage dependant rate constant for the opening of ion 

channels, 𝛽 the voltage dependant rate constant for the closing of ion channels, and 𝑦 indicates one of 

the activation variables (𝑚, ℎ, 𝑛).  

The voltage dependent rate constants are calculated using one of several gate dynamics equations: 

𝐺𝐷1 =  A (1 + e(( )⁄ ))⁄ , 𝐺𝐷2 = Ae( ( )⁄ ), or 𝐺𝐷3 = A(V + B) (1 − e( ( )⁄ ))⁄ , where 𝐴, 𝐵 

and 𝐶 are constants that are determined experimentally. While multiple different types of sodium and 

potassium ion channels have been identified by researchers, for simplicity only the most dominant types 

of ion channels were included in the current study, shown in bold text in Table 5.1; an approach that is 

in-line with modelling in [232]. 

The membrane conductivity was modelled using the method described in [232] that discretized the 

differential equations and then, for each time step, calculated the voltage dependent rate constants, the 

activation variables, the membrane conductance, and transmembrane currents to produce a value of 

the membrane voltage for the next time step. A short monophasic stimulus current was passed through 

the membrane to generate an action potential, and the peak conductance during the action potential 

was recorded and used in nerve tissue modelling.  
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5.2.1.2. Myelinated Fibre Membrane 

In myelinated fibres, the ion channels on the node of Ranvier control the majority of the transmembrane 

ion-flux during the depolarisation phase of an action potential. Membrane conductivity at the node of 

Ranvier was calculated using the Richardson model, which modifies the HH model for myelinated fibres, 

with parameters and equations from [58]. In the current study, the fast Sodium, 𝐺 (𝑉 , 𝑡) =  �̅� 𝑚 ℎ, 

persistent Sodium, 𝐺 (𝑉 , 𝑡) =  �̅� 𝑝 , and slow Potassium, 𝐺 (𝑉 , 𝑡) =  �̅� 𝑠,  ion channels were 

considered, as well as the passive membrane leakage; where 𝑝 and 𝑠 are activation variables. The rate 

of change of the activation variables were all calculated using the differential equation: 𝑑𝑦 𝑑𝑡⁄ =

 𝛼 (1 − 𝑦) − 𝛽 𝑦, where 𝑦 is one of the activation variables, and a new gate dynamics equation was 

Ion channel V dependent 

rate constant 

A (ms−1) B (mV) C (mV) Gate dynamics 

equation 

TTX-s Na+ activation α  17.235 7.58 -11.47 GD1 

TTX-s Na+ activation β  17.235 66.2 19.8 GD1 

TTX-s Na+ inactivation α  0.23688 115 46.33 GD2 

TTX-s Na+ inactivation β  10.8 -11.8 -11.998 GD1 

persistent TTX-s Na+ 

current activation 

α  17.235 27.58 -11.47 GD1 

persistent TTX-s Na+ 

current activation 

β  17.235 86.2 19.8 GD1 

NaV1.8 activation 𝛂𝐦𝟖 3.83 2.58 -11.47 GD1 

NaV1.8 activation 𝛃𝐦𝟖 6.894 61.2 19.8 GD1 

NaV1.8 inactivation 𝛂𝐡𝟖 0.013536 105 46.33 GD2 

NaV1.8 inactivation 𝛃𝐡𝟖 0.61714 -21.8 -11.998 GD1 

persistent Na+ current 

activation 

α  1.548 -11.01 -14.871 GD1 

persistent Na+ current 

activation 

β  8.685 -112.4 22.9 GD1 

persistent Na+ current 

inactivation 

α  0.2574 63.264 3.7193 GD1 

persistent Na+ current 

inactivation 

β  0.53984 0.27853 -9.0933 GD1 

Fast K+ activation 𝛂𝐧𝐅 0.00798 72.2 1.1 GD3 

Fast K+ activation 𝛃𝐧𝐅 -0.0142 55 -10.5 GD3 

Slow K+ activation α  0.00122 -10.5 23.6 GD3 

Slow K+ activation β  -0.000739 57.1 -21.8 GD3 

Table 5.1: Voltage dependant rate constants of unmyelinated fibre [232]. 
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used to calculate the voltage dependent rate constants, 𝛼 and 𝛽: GD4 = A(V − B) (1 − e(( )⁄ ))⁄ , 

Table 5.2. The membrane conductivity was modelled in the same manner as unmyelinated fibres, by 

discretizing the differential equations and then, for each time step, calculating the voltage dependent 

rate constants, the activation variables, the membrane conductance, and transmembrane currents to 

produce a value of the membrane voltage for the next time step. A short monophasic stimulus current 

was passed through the membrane to generate an action potential, and the peak conductance during 

the action potential was recorded and used in nerve tissue modelling.  

 

 

 

 

 

 

 

 

 

 

 

5.2.2. Transverse Fibre Impedance  

Impedance models of an unmyelinated fibre are derived from assumptions that the membrane is a 

semi-conductive thin-walled cylinder of constant diameter which separates two conductive volumes, the 

intracellular fluid and extracellular space. In transverse orientation, the electric current is applied 

perpendicular to the fibre length axis, and, accordingly, in longitudinal orientation, the current is applied 

parallel to the fibre length axis.  

The specific impedance of an unmyelinated fibre in a transverse current 𝑧 ,  (Ωm) was calculated using 

equation 5.1, which was taken from existing EIT modelling work on unmyelinated fibres [118] and was 

originally derived for a long, fluid-filled cylinder and applied to impedance analysis of muscle fibres in 

frog: 

z , =  r
( )  ( )

( )  ( )
       (5.1)  

Ion channel V dependent 

rate constant 

A (ms−1) B (mV) C (mV) Gate dynamics 

equation 

NaV1.8 activation α  1.86 -18.4 -10.3 GD4 

NaV1.8 activation β  -0.086 -22.7 9.16 GD4 

NaV1.8 inactivation α  -0.0336 -111 11 GD4 

NaV1.8 inactivation β  2.3 28.8 -13.4 GD1 

persistent Na+ current 

activation 

α  0.093 -38.4 -10.3 GD4 

persistent Na+ current 

activation 

β  -0.043 -42.7 9.16 GD4 

Fast K+ activation α  0.00798 -93.2 -1.1 GD4 

Fast K+ inactivation β  -0.0142 -76 10.5 GD4 

Slow K+ activation α   0.0012 -12.5 -23.6 GD4 

Slow K+ activation β  -0.00074 -80.1 21.8 GD4 

Table 5.2: Voltage dependant rate constants for node of Ranvier of myelinated fibre [58]. 
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where 𝛼 is the volume fraction of the fibre in extracellular space, a  the membrane radius, r  

extracellular space resistivity (Ωm), and r  intracellular fluid resistivity (Ωm). Membrane impedance is 

given by z =  , where j is the imaginary operator, ω the angular frequency (rad/s), r  

membrane area resistivity (Ωm2), c  membrane area capacitance (Fm-2). 

 

 

The presence of Schwann cells around a myelinated fibre axon and variable ion channel concentration 

creates a more complicated cytostructure which must be reflected in the equivalent electrical circuits. 

The smallest repeating unit of a myelinated fibre extends between two neighbouring nodes of Ranvier, 

and can be broken down into four regions as described in [233, 234]; these are 1) the node of Ranvier, 

which primarily contains fast Sodium ion channels; 2) the paranode, where the myelin sheath attaches 

to the axon; 3) the juxtaparanode which primarily contains fast Potassium and slow Potassium ion 

channels; and 4) the internode, with a relatively low concentration of ion channels.  

The specific impedance of a myelinated fibre in the presence of a transverse current z ,  was calculated 

by summing the impedances of each region together in a ‘parallel’ configuration after weighting the 

values by their length fraction. Each length fraction was calculated as the region length divided by the 

node-to-node distance, using dimensional data from [233]. Specific transverse impedance of the node 

of Ranvier 𝑧 ,  was calculated using equation 5.1. For the remaining regions, the specific impedance 

was calculated by first modifying the parameters in equation 5.1 to describe the axon in Periaxonal 

space: 

𝑧 , = 𝑟
( )  ( )

( )  ( )
                     (5.2)  

(a)  (b)  

Figure 5.1: Transverse current equivalent electrical circuits of unmyelinated fibres and the node of Ranvier 

region in myelinated fibres (a), and the paranode, juxtaparanode and internode regions of myelinated fibres (b). 

In both models an oscillating current is applied across the extracellular resistance r  to determine the circuit 

impedance.  
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where superscript 𝑥 indicates the region, 𝑟  is the periaxonal space resistivity, and 𝛼  is the volume 

fraction of axon in periaxonal space. The axon impedance, 𝑧 , ,  was then nested inside a myelin sheath 

and extracellular space, see Fig. 5.1, by again modifying the parameters in equation 5.1:  

𝑧 , = r
,  

,  
               (5.3)  

where a  is the average myelin radius, z =   as before but with the subscript my denoting 

myelin sheath properties, and 𝛼  is the volume fraction of the axon and periaxonal space inside the 

myelin and extracellular space. Current is assumed to only flow radially within the myelin sheath and 

so the volume occupied by the myelin sheath was omitted when calculating 𝛼 .  

5.2.3. Longitudinal Fibre Impedance 

The specific impedance of an unmyelinated fibre in a longitudinal current z ,  was calculated using 

equation 5.4 [122]:  

z , =  
[( ) ]

+  
( )

[( ) ]( )
𝑒 sinh(𝐿𝐹)                 (5.4) 

where the electrodes are separated along the fibre length by distance 2𝐿, and the parameter 𝐹 =  

contains the time constant 𝜏 = r c  and length constant 𝜆 = ( )  from the standard cable 

equation, used to model the fibre.  

The specific impedance of a myelinated fibre in the presence of a longitudinal current z ,  was 

calculated using two models. The first, termed the ‘physiological model’, segmented the fibre length into 

the four types of regions described earlier in section 5.2.2. Each region was separated into five layers, 

see Fig. 5.2a Three of the five layers were longitudinal current paths: the extracellular space, periaxonal 

space, and intracellular space. The remaining two layers were transverse current paths through the 

myelin and the axon membrane, which connected the longitudinal current paths and created a more 

physiologically accurate double cable type model.  

The second longitudinal fibre model, termed the ‘lumped parameter model’, omitted the Periaxonal 

space and the axon membrane in the myelinated regions, creating a single cable model. In addition, 

the myelin layer in each region and the node of Ranvier membrane were represented, respectively, by 

a single resistor and a single capacitor in parallel, producing the same equivalent electrical circuit as 

was used in unmyelinated fibres, Fig. 5.2b. The lumped parameter model can therefore be used with 

analysis techniques which were developed on unmyelinated fibres [122], although with the caveat that 

unmyelinated fibres exhibit homogeneity along the fibre length axis, which is not true of myelinated 

fibres. The assumption of homogeneity in the lumped parameter model is reasonable provided the 

spacing between the impedance measurement electrode pair is several mm, i.e. several times larger 

than the length of the smallest repeating unit of a myelinated fibre.  
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Both longitudinal current models were built in the electronic circuit analysis software LTspice for a length 

of fibre extending between two neighbouring nodes of Ranvier using absolute resistance and 

capacitance values calculated for a 5.7µm diameter myelinated fibre from electrical properties in Table 

1 and dimensions from [233]. The impedance of the single cable model was evaluated using equation 

5.4.  

 

 

5.2.4. Nerve Tissues  

The change in the four fibre impedance parameters during neural activity (∆z , , ∆z , , ∆z , , and ∆z , ) 

were calculated using the two-state model approach outlined in [122]. The two state model calculates 

the fibre impedance in the active state using the maximum axon membrane conductivity attained during 

an action potential and then calculates the fraction change in impedance ∆z  using ∆z =  
,   ,

,
, 

where subscripts 𝑥 and 𝑦 indicate the fibre type and orientation respectively, and superscripts 𝑑 and 𝑝 

indicate the active (depolarised) and inactive  (polarised) states respectively. The axon membrane 

conductivity in the active and inactive fibre states for unmyelinated fibres and the node of Ranvier region 

of myelinated fibres were calculated as described earlier in section 5.2.1. In myelinated fibre the axon 

membrane of the paranode region was assumed to have constant conductivity [229], and in the 

(b)  (a)  

Figure 5.2: Part of the longitudinal current equivalent electrical circuit of the physiological model of a 

myelinated fibre (a) showing the five layers (extracellular space, myelin, periaxonal space, axon membrane, 

and intracellular fluid) and the four regions (node of Ranvier, paranode, juxtaparanode, and internode). 

Longitudinal current equivalent electrical circuit used for an unmyelinated fibre and for the lumped parameter 

model of the myelinated fibre (b). In both equivalent electrical circuits (a) & (b), an oscillating current is applied 

across the extracellular resistance to determine the circuit impedance. 
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juxtaparanode and internode regions axon membrane conductivity was calculated using ion channel 

concentration values from  [58].  

The fraction change in impedance of tissue in the intra-fascicle volume ∆z  was calculated by 

separating the range of fibre diameters present in the nerve into 𝑛 sub-groups and summing them as 

in a ‘parallel’ configuration: 

∆
= ∑

 ,  ,   

∆ ,
           (5.5)  

where subscript 𝑖 indicates the ith fibre diameter sub-group, 𝑇  and 𝐶  are factors which correct for, 

respectively, the axon membrane capacitance and the fibre diameter dependent signal velocities. The 

volume fraction 𝑉  of the ith fibre group was calculated from fibre diameter population data for rat sciatic 

nerve in [40]. A homogeneous fibre diameter distribution was assumed in modelling, though it is 

possible to input any values within the array of 𝑉  values if this information is known a-priori about the 

sample. It is also possible, using equation 5.5, to customise which fibre diameter groups are active, as 

well as their level of activity, by varying the corresponding value of ∆z , , a useful feature when designing 

for specific neural prosthetics applications. In the study presented in this chapter all fibre diameter 

groups are assumed to be active.     

The capacitance correction factor 𝑇  was calculated as the difference in the maximum change in voltage 

between two parallel RC circuits as described in Liston et al [122]. One circuit had zero capacitance 

and the other a capacitance value taken from the lumped parameter fibre-model. For both circuits, the 

resistance changed as a function of time between that of the inactive and the active fibre states, with 

values again taken from the lumped parameter model. In myelinated fibres, the time varying function 

used was the falling edge of a sinusoidal signal with 12.5 kHz frequency, which was intended to 

approximate the 40µs rise time in membrane conductivity of the node of Ranvier during the 

depolarisation phase of an action potential. A sinusoid of 250Hz frequency was used to approximate 

the repolarisation phase. In unmyelinated fibres, the frequencies used for the depolarisation and 

repolarisation phases were 250 and 100 Hz respectively to approximate a 2ms rise time and 5ms fall 

time of the membrane conductivity during an action potential.  

The signal velocity correction factor 𝐶  was calculated as the product of signal dispersion effects and 

signal transit time effects. Signal dispersion accounts for the fibre diameter dependant propagation 

velocity of action potentials. In the context of an experiment, if all excitable neural tissue is excited at 

one point on the nerve and measured at another, the different propagation velocities will cause the 

signal to disperse based on the fibre diameter distribution. A propagation distance of 30 mm was 

assumed between the source of the compound action potential and the proximal end of nerve cuff, 

within which signal dispersion occurred. Signal transit time effects accounted for the transient 

conductivity across the nodes of Ranvier within the nerve cuff, which, again, are caused, by the fibre 

diameter dependant propagation velocity. For each fibre, the nodes of Ranvier within the EIT imaging 

volume of the nerve cuff will be at different points of the transient depolarisation and repolarisation 

phases associated with an action potential. To account for this, for each fibre diameter group, the 
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conductivity across all nodes of Ranvier within the imaging volume was averaged, then this averaged 

value used to recalculate the corresponding fraction change in impedance and the ratio against the 

scenario with no transit time effect. For longitudinal current an EIT imaging volume 10mm in length was 

assumed; in transverse current 2 mm length imaging volume was assumed.  

Impedances of the passive tissues perineurium, epineurium and endoneurium obtained from 

mammalian peripheral nerves have not been reported before. Instead, it is common (as in [98, 162, 

196, 235, 236]) to use value for perineurium (47,600 Ω.cm) obtained from frog [237], and for epineurium 

(1,211 Ω.cm) from the transverse impedance of the dorsal column of cat at 1 kHz [160].  

Endoneurium occupies the majority of the extracellular space within the intra-fascicle volume, with the 

remainder occupied by an approximately 40 – 100 nm thick layer of basal lamina immediately 

surrounding each fibre. The thickness of basal lamina was calculated from analysis of images in [42, 

238, 239]. Values in literature for the resistivity of extracellular space vary between 175 and 1,000 Ω.cm 

[228, 236, 240, 241]. An isotropic resistivity of 1,000 Ω.cm was assumed, which, using equations 5.1 – 

5.4 at 1 kHz and 10mm longitudinal spacing between the impedance measurement electrode pair, 

produced transverse and longitudinal resistivity values which were close to those reported in Ranck et 

al [160] from the dorsal column of cat of 1,211 Ω.cm radial and 138 to 217 Ω.cm longitudinal.  

5.2.5. Electrical Impedance Tomography Forward and Inverse Problems 

The forward EIT problem is defined as 𝐠 = 𝐀𝐜  where 𝐀 is the sensitivity matrix, and in neural EIT 𝐠  

is the normalised change in boundary voltages and 𝐜  the normalised conductivity change [139]. The 

sensitivity matrix is populated from boundary voltages generated from known currents in a Finite 

Element Method (FEM)  model simulation of the system [123, 139]. The FEM model requires knowledge 

of the size, shape and location of the electrode array, and, if possible, some a-priori information on the 

conductivity distribution of the sample. The nerve cuff electrode array contained a total of 32 electrodes, 

each 1.1 x 0.11mm, arranged into two rings of 16 electrodes on a 22.5o pitch around the circumference, 

Fig. 5.3. The sample volume comprised a single fascicle model of a 50mm length by 680 µm diameter 

peripheral nerve with four cylindrical layers: an 80 µm thick saline fluid layer between the electrodes 

and nerve outer boundary, 50 µm thick epineurium layer [200], 5 µm perineurium layer [201], and a 545 

µm radius intra-fascicle volume in the centre. Electrodes were then housed within a 120 µm thick silicon 

layer, 20mm in length, representing the nerve cuff, and the model was surrounded by a 200 µm thick 

layer of muscle tissue, not shown in Fig. 5.3. The intra-fascicle volume was divided into a grid of 49 

sub-volumes which extended the length of the nerve, Fig. 5.3. The forward problem was then solved 

with each of the 49 sub-volumes individually set to an active state. A single fascicle model is akin to 

assuming no a-priori information about the intra-fascicle structure of the nerve.  
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For the inverse EIT problem, Zeroth order Tikhonov regularisation was used to invert the sensitivity 

matrix as was done in neural-EIT experiments in [2, 123]. The Tikhonov solution to the general inverse 

equation 𝐜 = 𝐀 𝐠 is given by: 

𝐜 = 𝐕𝐅𝚺 𝐔 𝐠         (5.6)  

where 𝐕 and 𝐔 are orthogonal matrices from singular value decomposition (SVD) regularisation of the 

sensitivity matrix 𝐀 = 𝐔𝚺𝐕∗, 𝚺 is the diagonal matrix of singular values 𝐬𝒊, * indicates the Hermitian, and 

𝐅 is a diagonal matrix where 𝐅 , =  𝑠 (𝑠 +  𝜏 )⁄ . The L-curve, or Pareto frontier curve, method was 

used as an unbiased means to select the Tikhonov regularisation parameter 𝜏 [157].  

 Unbiased parameter selection is one of several recommendations made in  [139] to avoid committing 

an ‘inverse crime’ when using simulated instead of real data in inverse problems. Other 

recommendations that were implemented are: 1) Mesh size: the forward problem was meshed with a 

max mesh size of 4mm, a min mesh size of 0.1mm, a max growth rate of 1.3, a curvature factor of 0.2, 

and a resolution of narrow regions of 1. The simulated data were acquired with the max and min mesh 

sizes reduced to 2mm and 0.05mm respectively.  2) Shape of conductivity anomalies: simulated data 

was generated on a three-fascicle model of nerve containing one semi-circular fascicle and two smaller 

quarter-circle shaped fascicles of equal size, Fig. 5.4c. Each fascicle was encompassed by a 5 µm thick 

perineurium layer and separated by a 90 µm thick epineurium layer. Thus, the geometry and location 

of the epineurium, perineurium and intra-fascicle tissues in the three-fascicle model differs from the 

single fascicle model. However, in both models a 70 µm thick saline fluid layer, of 2 S/m conductivity, 

separated the electrodes and nerve outer boundary, and the epineurium-saline boundary had the same 

size and location. 3) Simulating noise: white noise of +/-35µVRMS amplitude and Gaussian distribution 

was added to each simulated voltage measurement. 4) Hardware errors: a number within the range +/- 

100 µV was randomly selected and added to each electrode pair as a fixed offset, which was intended 

Perineurium 

Epineurium 

Intra fascicle vol. 

Electrode 

Saline 

(a)  
(b)  

Silicon cuff 

Figure 5.3: Five layer FEM model of nerve in nerve cuff. Two rings, each containing 16 electrodes, are spaced 

apart along the nerve length and wrapped around the cylindrical shell model of the nerve with layers for the 

saline fluid, epineurium, perineurium, and intra-fascicle sub-volumes visible in an angled end-and-side view of 

the FEM model (a) and in an end view of the FEM model (b) which has all 16 electrodes of one electrode ring 
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to account for accuracy of the ADC hardware and electrode impedance measurement errors. 5) 

Quantization: all values were rounded to the nearest multiple of 10µV.  

The FEM models were implemented and solved within COMSOL Multiphysics version 5.3 AC/DC 

module on a Dell Optiplex 7040 PC with Intel i7-6700 processor. The single fascicle and multi-fascicle 

models contained 850k and 5.5M free tetrahedral elements respectively. The minimum and average 

mesh qualities were 3x10-2 and 0.56, respectively, for the single fascicle model, and 7.0x10-2 and 0.62, 

respectively, for the multi-fascicle model. In the multi-fascicle model the elements with poorest mesh 

quality, i.e. >0.1, were limited to the 5 µm thick perineurium layer, which itself had an average mesh 

quality of 0.11. In the 32 electrode dual-ring nerve cuff there are a total of 16 possible drive electrode 

pairs for each longitudinal current pattern. In each drive current electrode pair, a 10 µA amplitude [4] 

drive current was applied on the external surface of one drive electrode as a Neumann boundary 

condition, and grounded the external surface of the other drive electrode as a Dirichlet boundary 

condition. The muscle tissue layer, with conductivities of 0.3 and 0.1 S/m in the longitudinal and 

transverse axes respectively [242], was defined as an infinite element domain. All electrodes had a 

conductivity of 4 x 106 S/m and contact impedance at the electrode-saline interface of 1.5x10-4 Ωm2. 

The recorded voltage from each measurement electrode was calculated as the averaged value across 

its external surface. Implementation of the above measures in the FEM models produce the 

discretization, shunt and contact impedance effects which constitute the complete electrode model 

[139].  

A quasi-static approximation of Maxwell’s equations was implemented by solving the FEM models 

under several static conditions. In each condition the electrical conductivity of fascicle sub-volumes was 

set to that of either the active or inactive states. This quasi-static approach is valid for ‘low frequency’ 

drive currents, which was estimated using equation 5.7:  

𝜔 ≤ 𝑘           

 (5.7)  

where 𝜔 is in rad/s, and 𝑘 is a constant of less than 1 which determines the ‘low frequency’ limit, which 

was set to 0.1. The relative permittivity, 𝜀, was taken as that of brain tissue [243] and the conductivity, 𝜎, 

of intra-fascicle tissue was calculated from equation 5.5.  

5.2.6. Electrical Impedance Tomography Electrode Drive and Measurement 

Pattern 

A limit of one drive current pattern within the nerve cuff was imposed due to the millisecond to sub-

millisecond time resolution required to resolve compound action potentials [2, 116] and the necessity 

to repeat the drive current pattern for all electrode pairs in each time resolution unit.  

The nerve cuff with dual-ring electrode array can pass current between two drive electrodes on the 

same electrode-ring to generate transverse current patterns, or pass current between two drive 

electrodes on different electrode-rings to generate longitudinal current patterns, Figs 5.4a and 5.4b. 
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Simulations by [152] compared seven possible drive current patterns within a dual-ring electrode array 

around a cylindrical sample volume with isotropic conductivity features for 3D EIT lung imaging of the 

thorax, concluding that transverse current pattern with drive current and voltage measurement between 

adjacent electrodes provided the best performance. Transverse current in a nerve would largely 

eliminate the anisotropy by operating in a plane perpendicular to the axis containing the unique 

conductivity, which we term the ‘anisotropic axis’, an approach adopted by [226] on peripheral nerve 

and [244] on muscle tissue.  

Longitudinal current, on the other hand, in the dual-ring nerve cuff requires a 3D model and 

consideration of tissue anisotropy. Anisotropic conductivity anomalies produce boundary voltage data 

with non-unique solution [144], however, numerical methods with some a-priori information have proven 

capable of reconstructing anisotropic anomalies in 2D simulations [144, 245, 246] and in 3D simulations 

to manage anisotropy of white matter in the brain [247]. The intention of longitudinal drive current is to 

exploit the impedance change in the longitudinal, anisotropic axis. However, configuration of the two 

electrode rings in the dual-ring nerve cuff, on planes perpendicular to the longitudinal axis, results in an 

EIT drive current with both transverse and longitudinal components, as shown by the equipotential lines 

in Fig. 5.4b. In this study, the contribution to the EIT boundary voltages of the transverse and 

longitudinal current components have not been considered separately. 

The unique combination of factors in the sample used – differential 3D-EIT using dual-ring electrode 

array to detect conductivity variation in an anisotropic axis perpendicular to the planes of the electrode-

rings – means there is no precedent for EIT drive and measurement electrode pattern. In the study 

presented in this chapter, a novel approach was proposed: to assume that transient conductivity 

variations of all tissues are uniform along the nerve’s length dimension, which is the anisotropic axis in 

intra-fascicle tissue, to simplify reconstruction of the conductivity distribution to a 2D plane 

perpendicular to the longitudinal current.  

The use of opposing electrode positions for drive current, where the two drive electrodes are on 

opposite sides of the sample, has been employed to reduce a current channelling effect present in the 

cerebrospinal fluid when imaging neural activity in the brain [248]. In-line electrode positions for drive 

current, where the two drive electrodes are on the same circumferential position and different electrode 

rings, were not considered in the study presented in this chapter as it is was expected a similar effect 

would occur in the saline fluid layer of the model. Instead, the possible longitudinal drive current pattern 

considered was as in Fig. 5.4b: Opposing drive pattern, where drive current flows between two 

electrodes on opposite sides of the nerve and different electrode rings, generating a current with 

longitudinal components between the two electrode rings. In contrast to the convention in [152], to 

record boundary voltages as differential measurements between electrode pairs configured in the same 

way as the drive current electrodes, the measurement electrode pairs were implemented in an in-line 

pattern in order to record the longitudinal boundary voltage gradients across the imaging volume. To 

abbreviate this electrode pattern with opposing drive electrode pair and in-line measurement pairs is 

referred to in this chapter as ‘Opposing-in-line’.  
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The drive and measurement electrode pattern to use for EIT modelling was selected to maximize the 

sensitivity to changes in conductivity in the 9 central grids (3 x 3 squares) which produce the lowest 

changes in boundary voltages and so, accordingly, are most difficult to detect [139]. Sensitivity was 

defined as the standard deviation of the normalized change in boundary voltages [249], in the current 

case in response to conductivity changes across the set of 9 central grids. 

  

5.3. Results 

5.3.1. Membrane Conductivity 

Membrane dynamics modelling showed that during an action potential both the relative increase in 

membrane conductivity and the maximum value reached are significantly higher in myelinated fibres, 

particularly at the node of Ranvier, than in unmyelinated fibres, see values in Table 5.3. Higher 

membrane conductivity is attributable to higher concentration of ion channels and facilitates a higher 

transmembrane ion flux, which, evidently, for Sodium ions was estimated to peak at around -33 mA/cm2 

Intra fascicle vol. 

(b) 

Electrode 

Equipotential line 

Active region 

Current source 

Differential voltage 
measurement 

Reference 

(a)  

(c) 

Perineurium 

Epineurium 

Electrode 

Saline 

Figure 5.4: Section views of a possible transverse current pattern (a), and Opposing-in-line electrode pattern 

(b), with one opposing drive electrode pair and two in-line measurement electrode pairs visible; and, end view 

of the three fascicle model used to generate simulated data (c).  
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in the node of Ranvier compared to -0.045 mA/cm2 in an unmyelinated fibre. In an unmyelinated fibre, 

the maximum membrane conductivity increases by a factor of 5.56 up to a maximum value of 0.0008 

S/cm2. In a myelinated fibre, the node of Ranvier produces both the highest increase in conductivity, a 

factor of 108, as well as the highest maximum conductivity value of 1.95 S/cm2. In comparison, the 

juxtaparanode changes by a factor of 4.1 to reach a maximum value of 0.0082 S/cm2, and the internode 

changes by a factor of 1.35 to reach a maximum value of 0.00269 S/cm2. The membrane surface area 

of the node of Ranvier is 2 to 3 and 3 to 4 orders of magnitude smaller than the juxtaparanode and 

internode regions respectively. Taken in this context, the significantly higher membrane conductivity of 

the node of Ranvier is explained by necessity to enable a large current through a relatively small area, 

i.e. a high transmembrane ion flux, during an action potential. 

5.3.2. Transverse Fibre Impedance 

 For a myelinated fibre of 10 µm diameter (and 3 to 15 µm range), fraction change in transverse 

impedance of -1.6x10-10 (-4.6x10-11 to -2.3x10-10) was predicted in the juxtaparanode region, and -

5.9x10-12 (-1.8x10-12 to -8.9x10-12) in the internode region, Table 5.4, Figs. 5.5a and 5.5b. In contrast, in 

the node of Ranvier a fraction change of -1.4x10-3 (-4.3x10-4 to -2.0x10-3) was predicted, which 

dominated the overall response of the fibre despite accounting for only 0.087% (0.33 to 0.069 %) of the 

total fibre volume, Table 5.4, Figs. 5.5c and 5.5d. In the myelinated regions, the high resistance myelin 

sheath acts to shield the axon from the extracellular current. At frequencies above approximately 109 

Hz at which capacitive current traverses the myelin sheath, capacitive current also traverses the axon 

membrane, producing negligible changes in resistivity at all frequencies and rendering changes in the 

axon membrane conductivity essentially undetectable. The unmyelinated node of Ranvier, on the other 

hand, shows a reasonable change in impedance magnitude below approximately 106 Hz, above which 

capacitive current traverses the axon membrane. An error of unknown magnitude will arise from treating 

the fibre regions as separate 2D entities that are only connected by longitudinal current pathways in the 

extracellular space, as opposed to a 3D model with several transverse and longitudinal current 

pathways. 
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Parameter Fixed value Maximum Minimum Units 

Unmyelinated      

Membrane conductivity  0.0008 0.000144 S/cm2 

Membrane specific capacitance 0.81   uF/cm2 

Myelinated     

Membrane conductivity in the 

regions 
    

Node of Ranvier  1.95 0.018 S/cm2 

Paranode 0.001   S/cm2 

Juxtaparanode  0.0082 0.002 S/cm2 

Internode  0.00269 0.002 S/cm2 

Membrane specific capacitance  2   uF/cm2 

Myelin specific capacitance per 

lamella (2 membranes)  
0.05   

uF/cm2  

 

Myelin conductivity per lamella  

(2 membranes)  
0.0005   

S/cm2  

 

Fluid and extracellular volumes      

Intracellular fluid resistivity 70   Ω.cm 

Periaxonal fluid resistivity  70   Ω.cm 

Extracellular space resistivity 1,000   Ω.cm 

Extracellular space volume fraction 

(with myelin volume excluded) 
0.5 (0.677)    

 Unmyelinated Myelinated Myelinated Myelinated 

Diameter (µm): 1.5 3 10 15 

Fibre segment (frequency range)  

Juxtaparanode (105 to 108 Hz)  -4.6x10-11 -1.6x10-10 -2.3x10-10 

Internode (105 to 108 Hz)  1.8x10-12 -5.9x10-12 -8.9x10-12 

Node of Ranvier (<106 Hz)  -4.3x10-4 -1.4x10-3 -2.0x10-3 

Entire myelinated fibre (<106 Hz)  -1.4x10-5 -4.5x10-5 -6.6x10-5 

Entire unmyelinated fibre (<105 Hz) -1.4x10-4    

Table 5.4: Maximum fraction change in transverse impedance. 

Table 5.3: Electrical properties values used in unmyelinated and myelinated nerve fibre models. 
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The fraction change in transverse impedance of an unmyelinated fibre of 1.5 µm diameter was 

estimated to be -1.4x10-4 at frequencies below 104 Hz. A frequency drop off, due to capacitive current 

traversing the axon membrane, begins at 105 Hz, an order of magnitude lower than for myelinated 

fibres, and settles at approximately 5x107 Hz after an incursion into positive fraction changes in 

impedance which peaks at 5.8x10-5 at 1.7x106 Hz. Frequency drop off values are in broad agreement 

with modelling on unmyelinated crab nerves, which spanned the frequency range 0 Hz (DC) up to 3x108 

Hz, presented in [118]. The fraction change in transverse impedance in unmyelinated fibres is larger, 

by a factor of 3 or more, than all modelled diameters of myelinated fibres with the exception a small 

frequency range (5x105 to 106 Hz) where the curves intersect, Fig. 5.6. Outside of this narrow frequency 

range activity in unmyelinated fibres would disproportionately affect detected impedance changes in 

intra-fascicle tissue when using transverse current in neural-EIT.  

(a)  (b)  

(c)  (d)  

Figure 5.5: Frequency response of the fraction change in transverse impedance for the juxtaparanode (a), 

internode (b), and node of Ranvier (c) regions for a 15 µm diameter myelinated fibre, and their combined 

transverse impedance corresponding to half of a node-node length (d). The node of Ranvier dominates the 

overall response despite accounting for the smallest volume fraction of the fibre.  
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5.3.3. Longitudinal Fibre Impedance 

For longitudinal fibre orientation, LTSpice software was used to compare the lumped parameter model 

and the physiological model using absolute resistance and capacitance component values for a single 

length of myelinated fibre extending between two neighbouring nodes of Ranvier. At frequencies below 

104 Hz the lumped parameter model produced an impedance magnitude which was higher than that of 

the physiological model by a factor of 1.4 to 1.9 in the inactive state and by a factor of 1.01 to 1.03 in 

the active state, Fig. 5.7a and 5.7b. There is a noticeable discrepancy between the two models in the 

shape of the curves at around 104 Hz, where the physiological model contains two additional inflection 

points closely spaced together, which can be attributed to capacitive current crossing the axon 

membrane in the myelinated regions. The observed differences between the two models are caused 

by current entering the periaxonal space longitudinally between the node of Ranvier and paranode 

regions, particularly in the inactive state. It is likely that the value used for the resistance which controls 

longitudinal current between the node of Ranvier and paranode regions is too high. This belief is 

supported qualitatively by accumulation of potassium ions and swelling in the paranodes during 

sustained activity observed in  [239].  

 

 

 

 

 

Figure 5.6: Frequency response of the fraction change in transverse impedance for unmyelinated and myelinated 

fibres. The fraction change is larger in unmyelinated fibres than in myelinated fibres at all frequencies except for 

the range 5x105 to 106 Hz. 



 

74 
 

 

Equation 5.4 predicted significant differences in the frequency response between unmyelinated fibres 

and the lumped parameter model of myelinated fibres as seen in Figs. 5.8a and 5.8b. In unmyelinated 

fibres and 10mm electrode spacing, the largest fraction change was -0.10 at 1 Hz. The frequency drop 

off caused by capacitive current across the axon membrane began at 1 Hz and settled around at 300 

Hz after an incursion into the positive range, which peaked with a value of 3.9x10-3 at 100 Hz, Fig. 5.8a. 

In myelinated fibres, for all diameters the frequency drop off began at around 200 Hz and settled to zero 

at 1 MHz after an incursion into positive values beginning at around 100 kHz, Fig. 5.8a. Higher 

frequency drop off values in myelinated fibres are expected due to the presence of the lower 

capacitance myelin sheath. The largest fraction change for all myelinated fibre diameters were 

observed below 200 Hz. The magnitude of the fraction change increased with increasing fibre diameter, 

and with decreasing electrode spacing down to 3 mm, Fig. 5.8b. The electrode spacing is, therefore, a 

variable which may be selected to exploit sensitivity to larger fibre diameters, responsible for motor 

command functions, in neural prosthetic applications. At 1mm electrode spacing the magnitude of the 

fraction change decreased with increasing fibre diameter. However, below 3mm the electrode spacing 

is comparable to the node to node distance of large diameter fibres, invalidating the assumption of 

homogeneity in the lumped parameter model. The frequency at which the frequency drop off begins 

changed negligibly across different fibre diameters and electrode spacing. The difference in the 

frequency drop off between unmyelinated and myelinated fibres indicates it is possible to screen out 

unmyelinated fibre activity using the operating frequency, and to distinguish their activity using multi-

frequency EIT.  

 

 

Figure 5.7: Impedance of the lumped parameter model and physiologically detailed model for a myelinated fibre 

in inactive (a) and active (b) states. There is a significant difference between the two models in the inactive fibre 

state at frequencies below 104 Hz, and good agreement between the two models in the active state at all 

frequencies.  

 

(a)  (b)  
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5.3.4. Nerve Tissues 

The time constants of a 1.5 µm diameter unmyelinated fibre were 2.5 ms in the active state and 14 ms 

in the inactive state; producing a capacitance correction factor 𝑇  of 2.8. In contrast, lumped parameter 

model values of a 10 µm diameter myelinated fibre produced time constants of 1.61x10-2 ms in the 

active state and 1.05 ms in the inactive state, with little variation from these values for other fibre 

diameters; 𝑇  was 1.00. In the velocity correction factor 𝐶 , transit time effects through the nerve cuff 

were found to be negligible due to the high signal velocities in myelinated fibres and significant drop in 

resistance at the active nodes of Ranvier. Signal dispersion effects reduced the fraction change in 

impedance by a factor of 1.16 over 30 mm travel distance, increasing to a factor of 1.94 over 100mm. 

Dispersion correction is most relevant to an experimental set-up with controlled nerve excitation, where 

the travel distance is known.  

At 1 kHz the estimated impedance magnitude of intra-fascicle tissue reduced from 1,142 Ω.cm (inactive) 

to 1,141 Ω.cm (active) in the transverse orientation, a fraction change of -8.8x10-4, and from 328 Ω.cm 

(inactive) to 230 Ω.cm (active) in longitudinal orientation, a fraction change of -0.30. For comparison, 

impedance values reported in [160] from in-vivo measurements on the dorsal column of cat, at 1 kHz 

and 10 mm electrode spacing, are 1,211 Ω.cm transverse and 138 to 217 Ω.cm longitudinal, Table 5.5. 

The peripheral nerve is not directly comparable to the dorsal column because the latter is part of the 

central nervous system and so contains neurones and additional types of glial cells [42]. In addition, 

the experiments on dorsal column were performed in-vivo, under sodium barbiturate anaesthetic, and 

so may include both active and inactive neurones and nerve fibres.  

 

(a)  (b)  

Figure 5.8: Frequency response of the fraction change in longitudinal impedance for unmyelinated and lumped 

parameter model of myelinated fibres at 10 mm electrode spacing (a). The frequency drop off occurs at much 

lower frequency in unmyelinated fibres than in myelinated fibres. The maximum fraction change in longitudinal 

impedance, which occurs at 1 Hz, shows dependence on electrode spacing and fibre diameter (b).   
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5.3.5. Electrical Impedance Tomography 

The quasi-static approximation of Maxwell’s equations was determined, using equation 5.7, to be valid 

at frequencies of several 100’s of kHz and below. This frequency range is useful in neural EIT as it 

coincides with the initial resistivity plateau, where the phase is small and capacitive charge transfer 

across the cell membrane is absent, which occurs with longitudinal currents below 5 kHz in the 

myelinated dorsal column of cat [160] and below 100 Hz for the unmyelinated crab nerve.  

Sensitivity analysis of the electrode patterns produced standard deviations across the normalised 

boundary voltage measurements of 3.37x10-5 for transverse current pattern with drive current and 

voltage measurement between adjacent electrodes, and 1.28x10-4 for Opposing-in-line pattern at 10 

mm electrode spacing increasing to 2.67x10-4 at 3 mm electrode spacing; therefore Opposing-in-line 

pattern was selected.  

In Opposing-in-line pattern, due to the increased resistance between the two current electrodes, both 

the voltage across the drive current electrodes and the signal to error ratio (SER), which is the combined 

effect of the upper limit of the assumed noise and errors and is calculated using normalised values, 

increases with increasing electrode spacing. The SER of the normalised change in differential voltages 

increased by a factor of 6.7 between electrode spacings of 3 mm and 10 mm, and by a factor of 3.1 

between electrode spacings of 6 mm and 10 mm. Referring back to Fig. 5.8, when selecting the 

electrode spacing a trade-off exists between the fraction change in impedance and the SER. 

Incidentally, in neural EIT experiments researchers have typically averaged recordings across multiple 

measurements to reduce noise [2-4, 226]. Averaging cannot be implemented in real-time imaging, a 

crucial requirement for a neural prosthetics control interface, and so has not been assumed in the 

model.  

Table 5.5: Longitudinal impedance values of intra-fascicle tissue at 1 kHz. The state of the neural tissue, 

i.e. active, inactive or mixed, is unknown in the experimental data of [160] 

 

 Model prediction Cat dorsal column [160] units 

Transverse 1,142 (inactive) / 1,141 (active) 1,211 (unknown state) Ω.cm 

Longitudinal 328 (inactive) / 230 (active) 138 to 217 (unknown state) Ω.cm 
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With 10 mm electrode spacing EIT of activity in each fascicle of the three fascicle model were clearly 

distinguishable from one another by the levels of reconstructed activity in different sub-volumes, Fig. 

5.9. Concurrent activity was clearly distinguishable from individual activity in fascicles 2 and 3, Fig. 5.9. 

EIT of sub-fascicle activity within fascicle 1 reconstructed different magnitudes of activity in the same 

sub-volumes, indicating poor intra-fascicle resolution. The ability to distinguish between concurrent and 

individual activity in different fascicles, and between activities in different areas within the same fascicle, 

are both critical requirements for neural prosthetics due to the multi-fascicular structure and 

heterogeneous distribution of fibres in human nerves. The limited intra-fascicle resolution may be 

improved by a higher number of sub-volumes used in the forward solution, improved FEM mesh quality 

in the perineurium layer, reduced noise and errors, inclusion of passive tissue structures in the forward 

solution [148], and use of additional reconstruction steps in solving the inverse problem [123]. SERs in 

the normalised change in differential voltages were 23 in semicircle shaped fascicle 1, and 16 in the 

two quarter-circle shaped fascicles 2 and 3, indicating real-time imaging of fascicle level activity is 

achievable in experiments on rat sciatic nerve at the assumed noise and error levels. 

 

5.4. Discussion  

The inclusion of passive tissues and a saline fluid layer in the model, to better describe the response of 

a whole nerve, reduces the fraction change in impedance. The extent of this reduction depends on the 

thickness of the passive tissue and saline fluid layers. For comparison, results of impedance 

experiments on rat sciatic nerve by Fouchard et al [4] reported an undetectable fraction change in 

transverse impedance in the frequency range 100 Hz to 4.5 kHz, and a frequency dependent 

longitudinal fraction change in impedance with maximum value of -0.2 and frequency drop off beginning 

at approximately 200 Hz, see Fig. 5.10. These experiment results are in reasonable agreement with 

Figure 5.9: Activity in the three fascicle model (top row), with purple indicating -0.286 fraction change in 

longitudinal impedance, and the corresponding reconstruction using the EIT algorithm, which was populated with 

data from the single-fascicle model, (bottom row) with colour scale showing fraction change in impedance.  
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the model prediction. More experiment data is required for a direct comparison, some of which, e.g. 

saline fluid layer thickness, cannot be easily determined.   

 

For control of neural prosthetics, we may consider a scenario where only certain types of fibres are 

active in each sub-volume of intra-fascicle tissue. Applying activity only in motor-command fibres to 

equation 5.5, using the statistical classification of fibres in [40], reduces the expected fraction change 

in longitudinal impedance of intra-fascicle tissue to a maximum of -0.14 at 1 Hz (-0.12 at 1 kHz). 

Assuming an average asynchronous firing rate of 25 Hz across all motor fibres in an intra-fascicle tissue 

sub-volume, taken from motor unit firing rates associated with movement in the upper limb [83], the 

expected fraction change in longitudinal impedance is -0.007 at 1 Hz (-0.006 at 1 kHz). While these 

magnitudes are relatively small they are not prohibitive to EIT imaging, in fact, they are comparable to 

fraction impedance changes observed in neural tissue in the cerebral cortex (unmyelinated grey matter) 

of rat of between -0.01 (DC) and -0.001 (10kHz) [119] which have been successfully reconstructed 

using neural EIT by [116]. Somatotopic organisation of fibres within fascicles would increase the 

magnitude of impedance change. 

The results of this chapter show that EIT within a dual-ring electrode array operating with an Opposing-

in-line pattern can produce fascicle level selectivity, with both individual and multiple fascicles active, in 

a 3 fascicle model of rat sciatic nerve. Spatial selectivity of sub-fascicle activity, however, was poorly 

reconstructed. Reconstruction of fascicle level activity in all fascicles of the human median nerve, 

containing e.g. 10 fascicles at the elbow, would provide a level of selectivity sufficient for synchronous 

Figure 5.10: The fraction change in longitudinal impedance is lower for the whole nerve than for the intra-fascicle 

tissue as the whole nerve includes passive tissues and saline layer. Shape and magnitude of the curve for 

whole nerve shows reasonable agreement with [4] 
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control of several degrees of freedom (DoF) within modern multi-DoF prosthetics. In the FEM models 

activity across all fibre diameters is assumed, which provides a large signal, and is more representative 

of experimental conditions than neural prosthetics applications, where target activity may be limited to 

specific fibre diameter ranges. At the assumed signal, noise and error levels, SERs were sufficient for 

real-time imaging. For neural prosthetics, reconstruction of fascicle level activity with an estimated 

fraction change in impedance of -0.007, representing activity in motor command fibres with a firing rate 

of 25 Hz, required a reduction in the noise and error values by a factor of 15 to 20.  

Implementation of EIT in nerve cuff has been successfully demonstrated by [168, 226] in in-vivo bench-

top experiments, using transverse current within a single electrode ring. A dual electrode ring requires 

stability in the alignment of the two electrode rings but otherwise may be implemented with much the 

same hardware. Chronic implantation of an EIT enabled nerve cuff would benefit from a stable 

impedance distribution of the passive tissues and any saline layer, provided by a stable nerve position 

within the nerve cuff, and from stability of the electrode tissue contact impedance.  

5.4.1. Limitations of the modelling 

The lumped-parameter and physiologically-detailed models of myelinated nerve fibre are 

approximations of a complex cytostructure, and may be improved using impedance measurements 

acquired directly from intra-fascicle tissue. The intra-fascicle tissue conductivity within the nerve FEM 

model may be improved by replacing the homogeneous fibre diameter distribution and significant fibre 

activity levels with, respectively, a heterogeneous fibre diameter distribution and variable levels of 

activity within fibre diameter groups. The assignment of the calculated intra-fascicle tissue conductivity 

as a bulk material property does not consider the true current paths through this tissue, which are 

affected, for example, by the relative locations of the nodes of Ranvier and the drive electrode pairs. 

Geometric considerations such as the electrode positions, which are assumed to be the same in two 

FEM models, would be subject to manufacturing tolerances during assembly of a real nerve cuff device. 

The models include noise, hardware errors, quantization, different mesh sizes and different conductivity 

distributions. However, while several measures have been taken to create synthesised data which is 

representative of real experimental data, the former is by no means a perfect substitute for the latter. 

5.5. Conclusion 

This chapter considered the application of EIT to a nerve cuff for recording neural activity by developing 

an FE model and then testing it using simulated data. The results in this chapter provide an estimate of 

the change in impedance of intra-fascicle tissue in mammalian nerve, and predict that real time imaging 

might be possible under artificially evoked stimulus conditions, i.e. with all nerve fibres within the nerve 

cuff active simultaneously, and that physiologically produced motor activity might be possible with noise 

reduction and signal amplification techniques. Furthermore, the FE model contained two features which 

were absent from the existing FE models of EIT in literature: (i) anisotropic conductivity along the nerve 
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length axis, and (ii) anisotropic changes in conductivity in the active neural tissue which were uniform 

along the entire length of the tissue domain. These two novel features warranted a new study of drive 

and measurement electrode patterns specifically for EIT on peripheral nerve, which is presented next 

in chapter 6.  
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6. DRIVE AND MEASUREMENT
ELECTRODE PATTERNS

6.1. Introduction 

It is common in biological applications of EIT to configure the drive and measurement electrodes on the 

same plane in a ring around the sample boundary, which is then expanded to 3D EIT by stacking several 

rings, or 2D imaging planes [177, 250-252]. Where stacked rings are not practical, such as half ellipsoid 

on the head, drive and measurement pattern strategies are employed to target a region of interest [180, 

190, 191, 193, 253] and maximise information produced [2]. In a multi-contact nerve cuff the electrodes 

are configured in rings around the outer boundary of the nerve [112, 162, 254], which can be modelled 

as the surface of a cylinder [162]. EIT simulations by [152], for 3D EIT lung imaging of the thorax, 

compared seven possible drive EIT current and measurement patterns within a dual-ring electrode 

array comprised of two rings of eight electrodes. The authors modelled the lung and thorax as a 

cylindrical sample volume with isotropic conductivity features, and tested both longitudinal and 

transverse current patterns, concluding that transverse current patterns provided the best performance 

in presence of noise and electrode placement errors. The same seven electrode patterns as [152] were 

later tested in experiments on a cylindrical isotropic phantom and on the chests of 8 healthy adults in 

[154], concluding that an electrode pattern with a sequence of alternating transverse and longitudinal 

currents, called ‘Square’, provided the best performance. A comprehensive modelling study of all 

possible transverse current patterns in ring of 16 electrodes, with validation on saline tank phantoms, 

was performed by [255], concluding that pairing drive and measurement electrodes at one electrode 

spacing less than 180 degrees is optimum. 

The results in [152] and [154] assumed an isotropic sample, and so aren’t directly transferrable to 

peripheral nerves because the region of interest for EIT, the nerve fibres, are highly aligned along the 

nerve length axis, producing electrical anisotropy. This fibre alignment, together with the fibre 

cytostructure, produces a fraction change in impedance during neural activity which is significantly 

higher in longitudinal direction, parallel to the fibres, than in the transverse direction, across fibres, as 
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predicted by models of unmyelinated and myelinated fibres [7], and observed in in-vivo experiments 

[4]. Furthermore, the presence of anisotropy can produce boundary voltage data with non-unique 

solution  [144], although numerical methods with some a-priori information have proven capable of 

reconstructing anisotropic anomalies in 2D simulations [144, 245, 246] and in 3D simulations to manage 

anisotropy of white matter in the brain [247, 256]. Transverse current patterns in a nerve would largely 

eliminate the anisotropy by operating in a plane perpendicular to the axis containing the unique 

conductivity (the ‘anisotropic axis’), an approach adopted by [226] on peripheral nerve and by [244] on 

muscle tissue. However, because transverse current in a nerve is subject to a lower fraction change in 

impedance during neural activity, it suffers from a critically low signal to noise ratio [4]. Researchers 

typically circumnavigate this problem by averaging recordings across multiple measurements in order 

to reduce noise [2-4, 226], a practice which hinders real time neural-EIT. There is, therefore, a need to 

investigate whether the large impedance change in the longitudinal, anisotropic axis improves the signal 

to noise ratio of longitudinal current electrode patterns, and whether operating in the presence of 

anisotropy produces any detrimental effects on EIT reconstruction.  

In this chapter, the FE model of nerve in nerve cuff, presented in chapter 5, was used to assess twelve 

drive and measurement electrode patterns using several existing assessment parameters. The signal 

to error ratio (SER) was calculated using the standard deviation of the boundary voltage measurements, 

which differs from chapter 5 and is important as the L2-norm places more emphasis on values 

unaffected by noise and so is more representative of true EIT performance. The results highlight the 

influence that the anisotropic impedance characteristics of the neural environment have on the 

performance of electrode patterns. The FE model was published as supplementary material with the 

paper which forms the core of this chapter. 

6.2. Methods 

6.2.1. EIT Forward Solution 

Solutions to the EIT forward problem were obtained using a cylindrical shell model approximation of a 

50mm length, single fascicle, sciatic nerve of rat as described in [7], Table 6.1. The intra-fascicle tissue 

was divided into a grid of 49 sub-volumes each extending the length of the nerve, Fig. 6.1a. The number 

of sub-volumes was selected to produce a spatial resolution comparable to that of high density 

penetrating electrode arrays such as the UTAH slanted micro-electrode array [257], considered a high 

spatial resolution neural interface. The grid pattern of the sub-volumes, with the majority of sub-volumes 

evenly sized and spaced at regular intervals in the lateral axes, is similar to that in [123] and facilitates 

spatial analysis of some performance metrics independent of the size and shape of conductivity feature. 

The grid pattern produced 4 sub-volumes, in the top/bottom left/right corners of the intra-fascicle 

volume, which were significantly smaller than the remaining sub-volumes and so were excluded from 

analysis and reconstruction.   
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The nerve cuff with dual-ring electrode array contained two rings of 16 electrodes, each 1.1 x 0.11mm 

in size, arranged into on a 22.5o pitch around the circumference. Electrodes were implemented with the 

complete electrode model (CEM) [139], including a contact impedance of 1.5x10-4 Ωm2 at the 

electrode-saline interface and an electrode conductivity of 4 x 106 S/m. Simulations were run with the 

two electrodes rings spaced at 3mm, 6mm and 10mm apart along the nerve length. All external surfaces 

were insulated. 

 

Layer Radius (µm)  Conductivity (S/m) 

Intra-fascicle tissue 545  
Inactive: T: 0.325 / L: 0.08757 

Active: T: 0.4348 / L: 0.08764 

Perineurium 550  0.021 

Epineurium  600  0.08257 

Saline 680  2 

 

The FE model was implemented in COMSOL Multiphysics version 5.3, using Electric Currents physics 

in the AC/DC module, on a Dell Optiplex 7040 PC with Intel i7-6700 processor. Meshing was performed 

with minimum mesh size of 0.1mm, a max growth rate of 1.3, a curvature factor of 0.2, and a resolution 

of narrow regions of 1, producing a total of 750k free tetrahedral elements with minimum and average 

mesh quality of 2.8x10-2 and 0.54 respectively. The FE model was then solved for each drive and 

measurement pattern with a 10µA amplitude drive current applied between each of the 16 drive 

electrode pairs one pair at a time, with the remaining electrodes acquiring boundary voltage 

measurements. A quasi-static approximation of Maxwell’s equations was used to implement neural 

activity by solving the FE models under several static conditions, where, for each condition, the electrical 

conductivity of fascicle sub-volumes was set to that of either the active or inactive state. This quasi-

static approach is valid up to several 100s of kHz for intra-fascicle tissue [7].  

6.2.2. EIT Inverse Solution  

Zeroth order Tikhonov regularisation was used to invert the sensitivity matrix, as was done in [2, 123], 

with the Tikhonov regularisation parameter selected using the L-curve, or Pareto frontier curve, method 

[157]. To replicate real operating conditions, data were synthesised in line with recommendations 

provided in [139]; these are: 1) to use a smaller mesh size: minimum 0.05 mm, resulting in 4.3M free 

tetrahedral elements with minimum and average mesh quality of 7.0x10-2 and 0.60 respectively; 2) 

ensure different size, shape and location of conductivity features: 3 fascicle model with 90 µm thick 

epineurium, Fig. 6.1b; 3) add either low (+/-0.35 µVRMS)  or high (+/-35µVRMS) Gaussian noise to each 

measurement:; 4) add random hardware error to each electrode (channel): within either a low (+/- 1 µV) 

or high  (+/- 100 µV) range; and 5) quantization: either low (1 µV) or high (10 µV) rounding. All low 

noise, error and quantization conditions were applied together, as were all high conditions.  

Table 6.1: FE model parameters for single fascicle model [7]. ‘T’ = Transverse, ‘L’ = Longitudinal.  
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Noise and errors were selected as absolute values which are independent of the magnitude of the 

boundary voltages. In practice, some error sources are dependent on the signal size, such as noise in 

the drive current and electrode impedance measurement errors, whereas others are independent of 

signal size, such as noise and accuracy in the ADC hardware. 

6.2.3. Drive and Measurements Patterns 

Twelve drive and measurement patterns were investigated: six utilising longitudinal current, 

implemented in a dual ring electrode array, and six utilising transverse current, implemented in a single-

ring electrode array. In each pattern, current flows between the drive electrode pair, and the remaining 

electrodes are paired up to produce differential measurements. In both transverse and longitudinal drive 

currents maximum and minimum angular offsets in drive electrode pairs were selected, respectively, to 

minimise or maximise current channelling through the low resistance outer fluid layer [248]. An 

intermediate angular offset, of 157.5 degrees, was selected due to the recommendation for transverse 

currents in [255] to pair electrodes at one electrode spacing less than 180 degrees, which were also 

applied to longitudinal current. 

With longitudinal current, drive and measurement electrode pairs were on different electrode rings and 

with angular offset of 0, 157.5, or 180 degrees, Fig. 6.2a. The longitudinal drive and measurement 

patterns were combined following the convention in [152] to produce three possible patterns 

(drive/measurement angular offset in degrees): 0/0, 157.5/157.5, and 180/180, as well as in a non-

conventional manner to produce three further patterns: 0/180, 0/157.5, and 180/157.5. Switching 

around the angular offsets applied to the drive and measurement pairs was found to produce equivalent 

results in [255], e.g. 180/0 is equivalent to 0/180.  Therefore, symmetrical patterns were not investigated 

in the study presented in this chapter. Of the longitudinal current configurations studied here 

Longitudinal: 180/180 has featured in modelling and tank phantom studies [152, 154] under the name 

‘Zigzag-opposite’.  

Intra fascicle vol. 

Electrode 

Saline 

Perineurium

Epineurium 

(a) (b) 

x 

y 
z (anisotropic axis) 

Figure 6.1: 3D end-and-side view of the single fascicle model used for the EIT forward problem (a), and end 

view of the 3 fascicle model used to generate data for the EIT inverse problem (b).  
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With Transverse current, drive and measurement electrode pairs were on the same ring and with 

angular offsets of either 22.5, 157.5, or 180 degrees, Fig. 6.2b. Again, the drive and measurement pairs 

were combined to produce six possible patterns (drive/measurement angular offset in degrees): 

22.5/22.5, 157.5/157.5, 180/180, 22.5/180, 22.5/157.5, and 180/157.5. Of the transverse current 

configurations studied here Transverse: 180/180 and Transverse: 22.5/22.5 patterns were both 

evaluated in modelling and tank phantom studies [152, 154] under the names ‘Planar-opposite’ and 

‘Planar’ respectively; and all patterns featured in a modelling and tank phantom study by Adler et al 

[255]. 

 

 

6.2.4. Performance metrics 

Electrode patterns were compared using three criteria: 1) analysis of the condition number together 

with singular values from the singular value decomposition (SVD) of the sensitivity matrix; 2) the signal 

to error ratio, which was defined as: 

𝑆𝐸𝑅 =  20 log(𝑣 𝑣⁄ )        (6.1)  

where 𝑣  is the standard deviation of the normalised differential boundary voltage measurements 

obtained from all 16 drive electrode pair conditions, and  𝑣  is the maximum possible voltage error from 

noise and hardware errors normalised using the mean of differential measurements from the inactive 

state. This formulation of the SER is similar to the ‘distinguishability’ metric defined in [255] in that both 

place more emphasis on the values least affected by noise through use of the Euclidian norm, in the 

case of SER through the formula for standard deviation; 3) qualitative analysis of the reconstructed 

conductivity map, where poor quality reconstruction includes conductivity changes in wrong locations 

and/or significantly smaller in magnitude.  

180 º pair  

0 º pair  

180 º 
pair  

22.5 º 
pair  

(b) (a) 

157.5 º 
pair  

157.5 º pair  

Figure 6.2: Schematics showing offset angles used in electrode patterns. An angled view of the dual-ring 

electrode array with, labelled, single pairs of drive or measurement electrodes at 0, 157.5, and 180 degree 

offsets as used with longitudinal drive currents (a), and end-on view of a single-electrode ring with, labelled, 

single pairs of drive or measurement electrodes at 22.5, 157.5, and 180 degree offsets as used with transverse 

drive currents (b). 
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6.3. Results 

Inspection of the sensitivity matrix for Transverse: 180/180 pattern revealed normalised boundary 

voltage measurements were several orders of  magnitudes larger on the electrode pair at +/- 90 degrees 

positions relative to the drive current electrode pair (i.e. on the left and right hand sides in Fig. 6.2b) 

due to symmetry of the circular sample cross section. Differential boundary voltages of negligible 

magnitude produced a negligible mean value, which in turn distorts the normalised boundary voltages 

through its calculation as the difference divided by the mean. Measurements from this electrode pair 

were therefore excluded from the sensitivity matrix.  

Longitudinal patterns exhibited minimal difference in condition numbers, where large condition numbers 

indicate a more ill-conditioned sensitivity matrix, and in singular values, Table 6.2 and Fig. 6.3a 

respectively. The same was true of the condition numbers for transverse patterns, while with singular 

values the patterns containing 22.5º angular offset in drive electrode pair were all noticeably higher than 

those containing 157.5 º and 180 º angular offsets, Fig 6.3b.  In comparing longitudinal and transverse 

patterns: condition numbers were consistently higher and singular values were consistently lower in 

longitudinal patterns than in transverse patterns, albeit to a lesser extent with Transverse: 180/180, and 

Transverse 157.5/157.5. Transverse patterns appear to be, as a whole, more robust against errors 

relative to the signal size. 

Current: drive / 
measurement pattern 

Electrode ring spacing 

N/A 3 mm 6 mm 10 mm 

Longitudinal: 0/0  1.57E+6 3.07E+6 1.54E+6 

Longitudinal: 157.5/157.5  3.55E+6 4.56E+6 8.10E+6 

Longitudinal: 180/180  3.79E+6 7.18E+6 1.36E+7 

Longitudinal: 0/157.5  2.36E+6 4.20E+6 2.11E+6 

Longitudinal: 0/180  2.03E+6 4.33E+6 1.84E+6 

Longitudinal: 180/157.5  2.63E+6 5.65E+6 1.87E+6 

Transverse: 22.5/22.5 3.04E+4    

Transverse: 157.5/157.5 4.18E+5    

Transverse: 180/180 4.57E+5    

Transverse: 157.5/22.5 1.74E+5    

Transverse: 180/22.5 1.71e+5    

Transverse: 180/157.5 3.07E+5    

     

 

Table 6.2: Condition number of the sensitivity matrix for each drive and measurement electrode configuration. 
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A large positive SER corresponds to high robustness against noise and error, whereas negative SERs 

indicate the signal standard deviation is below the specified noise and error level. With longitudinal 

patterns the signal standard deviation 𝑣 , from equation 6.1, increased with decreasing ring spacing, 

as did 𝑣 . The net effect was a decrease in SERs across all grid indices as ring spacing decreased, Fig. 

6.4a. With transverse patterns, 157.5/157.5 produced the highest SER across all grid indices, and 

22.5/22.5 the worst, Fig. 6.4b. In comparing longitudinal and transverse patterns: the troughs in SER 

plots, with minima corresponding to central grid indices 9, 16, 23, 30 and 37, Fig. 6.4c, are significantly 

larger in all transverse patterns than in all longitudinal patterns, indicating that longitudinal patterns 

provide better sensitivity to conductivity changes in the centre of the sample. Similarly, with the quarter 

circle shaped fascicle active in the multi-fascicle model, a high noise and error level of 0.2 mV produced 

SERs of between -5.5 and +0.18 dB in longitudinal patterns with 10mm electrode spacing, and between 

-46 and -19 dB in transverse patterns. The higher SERs of longitudinal patterns indicate they are more

robust than transverse patterns against noise and error in voltage measurements. 

Under the low noise and error conditions, EIT reconstruction of impedance changes in two quarter 

shaped fascicles and in one quarter-circle shaped fascicle could be distinguished from one another in 

all electrode patterns, Figs. 6.5a and 6.5b. Under the high noise and error conditions, longitudinal 

patterns exhibited some additional blurring, whereas the transverse patterns were severely affected, as 

exhibited by significant impedance changes in significantly wrong locations, Fig. 6.5b. Where noise did 

not corrupt the results, 180/180 pattern in both longitudinal and transverse currents reconstructed a 

“mirrored” impedance distribution, such that equal magnitude impedance changes in grids on the both 

the correct side and opposing side of the nerve cross section were observed. The other five transverse 

patterns and Longitudinal: 0/0, 157.5/157.5 and 180/157.5 also produced impedance changes in grids 

in significantly wrong locations, although often with far smaller impedance magnitude than those grids 

corresponding to the correct locations. Overall, with the exception of the two 180/180 patterns, the 

transverse patterns appear to offer higher resolution than the longitudinal patterns, as exhibited by 

tighter clusters of grids with impedance change, but also a higher susceptibility to noise and errors 

which manifests as impedance changes in significantly wrong locations.  
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(a) (b) 

Figure 6.3: Normalised singular values, from singular value decomposition of the sensitivity matrix, for each 

longitudinal current (a) and transverse current (b) electrode pattern, with 6mm ring spacing in longitudinal 

current patterns.  

(a) (b) 

(c) 

Figure 6.4: The signal to error ratio (SER) at each grid index for longitudinal electrode patterns of 10mm, 6mm 

and 3mm ring spacing (a), and for transverse current patterns (b); and the grid in the single fascicle nerve model 

are shown overlaid with the corresponding grid index in (c). 
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6.4. Discussion  

Analysis of condition numbers and singular values predicted transverse patterns to be, as a whole, 

more robust against errors relative to the signal size, i.e. the normalised boundary voltages. Results of 

SER analysis on the transverse patterns are in agreement with findings in [255], which used a metric 

called the ‘distinguishability factor’. This agreement is expected because the anisotropic axis in 

peripheral nerve is in the longitudinal direction and so has minimal influence on transverse patterns. 

SER analysis and visual analysis of reconstructions both indicated that longitudinal patterns are more 

robust than transverse patterns against an absolute value of noise and errors, particularly in central 

sample locations, but offer poorer resolution. This is contrary to modelling in [152] on an isotropic 

(a) 
(b) 

Long: 
0/0 

Long: 
157.5/157.5 

Long: 
180/180 

Long: 
0/157.5 

Trans: 
22.5/22.5 

Trans: 
180/180 

Trans: 
157.5/157.5 

Trans: 
22.5/157.5 

Long: 
0/180 

Trans: 
22.5/180 

Trans: 
180/157.5 

Long: 
180/157.5 

Figure 6.5: Activity in the three fascicle model with purple indicating -0.3 and -8.8x10-4 fraction change in 

longitudinal and transverse impedances respectively (a), and the corresponding EIT reconstruction for each 

electrode pattern with low noise and error conditions (top and middle rows) and high noise and error conditions 

(bottom row) (b). Colour scale shows the reconstructed fraction change in impedance. Longitudinal drive 

patterns used 10mm electrode spacing.  
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sample, which predicted transverse patterns to be more robust against noise and errors. Therefore, in 

nerves, targeting the large fraction change in impedance in the longitudinal axis using longitudinal 

current outweighs the poorer performance previously observed in longitudinal patterns. The 

recommendation by [154] to use a ‘Square’ pattern, which combines aspects of Transverse: 22.5/22.5 

and Longitudinal: 0/0, is an interesting approach, and appears to offer the benefits of both transverse 

and longitudinal current patterns. However, the demanding time resolution requirements of imaging 

neural activity may restrict implementation of additional drive electrode pairs as all pairs must be cycled 

through at least once within each time resolution increment. 

Neural-EIT researchers who have utilised transverse patterns have typically averaged recordings 

across multiple measurements in order to reduce noise [2-4, 226]. The improved SER of longitudinal 

patterns may remove this need for averaging data and, therefore, open up the possibility of imaging 

neural activity in real time. Other factors to be considered when selecting between transverse and 

longitudinal patterns for neural EIT include:1) the transmembrane capacitive charge transfer 

mechanism occurs at higher frequencies in transverse fibre orientation, allowing higher drive current 

frequencies [7]; and 2) the excitation threshold of fibres is higher in transverse orientation [258], allowing 

a higher drive current amplitudes. For the latter point, in-vivo studies on rat sciatic nerve indicate the 

excitation limits for longitudinal and transverse currents are 30 µA [4] and 150 µA [10] respectively. At 

these upper limits of current amplitude, the transverse and longitudinal patterns which had the highest 

SER values at 10 µA current, Transverse: 157.5/157.5 and Longitudinal: 0/0 respectively, are 

comparable to one another at the outer grid indices, Fig. 6.6a, although the dips in SER at central grid 

indices for Transverse: 157.5/157.5, which are typical of all transverse current patterns, Fig. 6.4b, are 

still significant. At 150 µA current amplitude the EIT reconstruction with Transverse: 157.5/157.5 is not 

corrupted by the high noise and error conditions, Fig. 6.6b, as it was at 10 µA current, Fig. 6.5.  

All longitudinal patterns exhibited a trend of decreasing SER with decreasing electrode spacing, albeit 

to a lesser extent with 0/180, 0/157.5 and 180/157.5 patterns. This trend is expected to be countered 

by an increase in the fraction change in impedance during neural activity as electrode spacing 

decreases, which is predicted by modelling [7] but has not been included here in order to isolate the 

performance of electrode patterns from this system variable. The larger increase in 𝑣  than 𝑣  produces 

the negative trend between SER and ring spacing, and is, in part, an implication from selecting a noise 

value which is independent of the ring spacing. Noise sources which are dependent on the ring spacing, 

such as noise in the current source, would counter the observed trend.  

An angular offset of 180 degrees in drive electrodes is desirable as it is reported to minimise current 

channelling through low resistance outer layers [248]. However, for both longitudinal and transverse 

currents 180/180 pattern produced significant errors in the EIT reconstruction, which is in agreement 

with observations in [152] and [154] on 180/180 electrode patterns - although a direct comparison is 

not possible in the longitudinal current case due to anisotropy in the sample. The same susceptibility to 

errors was not displayed when an angular offset of 180 degrees in drive electrodes was coupled, in a 

non-conventional manner, with a different angular offset in measurement electrode pairs.  
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6.4.1. Limitations 

The FE model includes realistic drive current amplitude, noise levels, hardware errors, quantization, 

different mesh sizes and different conductivity distributions. However, inaccuracies are generated from 

the assumption of a homogeneous intra-fascicle tissue medium, which neglects to consider that the 

true direction of the current path is restricted by the cytostructure of nerve fibres, for example to enter 

and exit through nodes of Ranvier. The geometric assumptions, such as perfect alignment of the two 

electrode rings and perfectly centred nerve within the cuff, would be difficult to replicate in practice. The 

fascicle and nerve dimensions are chosen to approximate those of the rat sciatic nerve which allows 

comparison to in-vivo animal studies [168, 226] but must be scaled up in number and size, respectively, 

to approximate major peripheral nerves, e.g. the medial nerve, in human. The impedance change 

applied to intra-fascicle tissue, Table 6.1, is artificially large as it is representative of all fibres being 

stimulated at the same location and time, and then dispersing across a 30 mm length of nerve before 

reaching the nerve cuff [7]. Larger dispersion distances [259], activity in sub-groups of fibre diameters, 

and asynchronous firing rates would all reduce the magnitude of the change in impedance and, 

accordingly, the signal. To accommodate the artificially large signal, the absolute noise and error value 

of 0.2 mV was selected to be a factor of 20 to 200 times greater than that commonly found in neural 

EIT systems [2, 3, 119]. Insulation of the outer surfaces in the FE models, as opposed to an infinite 

boundary, artificially increases the SERs. This effect on the SERs is minimal, < 0.2 dB at each grid 

index, but without it, a reduction in resolution of the reconstructions is expected.  

Trans: 157.5/157.5 
150 µA current 

Long: 0/0 
30 µA current 

(a) (b) 

Figure 6.6: Comparison of Longitudinal 0/0 and Transverse 157.5/157.5 patterns at maximum current amplitude. 

The SER at each grid index for Longitudinal: 0/0 electrode pattern with 10mm ring spacing at 10 and 30 µA, 

and for Transverse: 157.5/157.5 electrode pattern at 10 and 150 µA (a), and EIT reconstructions with 

Longitudinal: 0/0 and Transverse: 157.5/157.5 patterns, at current amplitudes of 30 µA and 150 µA respectively, 

under high noise and error conditions (b).  
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As a whole, the accuracy of the model presented here is sufficient to compare performance of electrode 

configurations in reconstructing impedance changes in a highly anisotropic length axis, such as in 

peripheral nerve.  

6.5. Conclusion 

In this chapter, three longitudinal current patterns, 0/0, 0/157.5 and 0/180, were identified which were 

more robust against noise and errors than the evaluated transverse current counterparts, and exhibit 

no detrimental effects from operating in the anisotropic length axis. The large SER is a critical step 

towards real time imaging of neural activity using EIT, where the current practice of averaging multiple 

measurements to improve the SER is not practical. In a neural prosthetic, the most suited pattern may 

depend on the level of amputation and the degree of dexterity offered by the associated prosthetic 

device. The superior signal to error ratio observed with longitudinal 0/0 pattern in the FE model was 

used as a basis for its selection for in vitro experiments on nerve tissue, presented in chapters 8 and 9.  
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7. OPERATING FREQUENCY RANGE IN 
PERIPHERAL NERVE 

 

 

 

7.1. Introduction 

TDEIT compares several impedance reconstructions, separated by time, to produce images of transient 

changes in the impedance distribution. While TDEIT has progressed to clinical studies in application to 

monitoring of lung ventilation [260], the application to functional monitoring of activity in neural tissues 

presents new challenges because the demanding time frame of a neural event impedes the use of 

TDM. Typically, researchers circumvent this problem by using a time locked stimulus to generate similar 

patterns of neural activity and then switching between electrode pairs in time with the stimulus. 

However, TDM with time locked stimulus is not compatible with EIT imaging of spontaneous neural 

activity in real-time, such as is required of neural prosthetics. As an alternative, FDM, or ‘multi-frequency 

EIT’, avoids cycling through electrodes by simultaneously passing multiple drive currents at different 

frequencies through each of the drive electrode pairs [261].  The number of parallel drive currents in an 

FDM EIT system is determined by the frequency spacing between parallel drive currents, and the upper 

and lower limits of the operating frequency range. 

In mammalian peripheral nerve, the upper frequency limit of the operating frequency range is 

determined by the reduction in the fraction change in impedance at higher frequencies. This reduction 

is caused by increased capacitive charge transfer across the myelin sheath at higher drive current 

frequencies which creates a frequency roll-off in the neural tissue impedance. Nerve fibre modelling in 

Chapter 5 estimated a 50% reduction in the fraction change in impedance, between the inactive and 

active axon  states, to be at approximately 4 kHz in the longitudinal direction, along the length of the 

nerve, and at greater than 1 MHz in the transverse direction, along the nerve diameter [7]. The lower 

frequency limit of the operating frequency range, on the other hand, is determined by the need to 

remove passive contributions to the boundary voltage caused by action potentials within active neural 

tissue, termed the ‘AP artefact’. The AP artefact can be filtered out by selecting a suitable EIT drive 

current frequency and band pass filtering (BPF) the boundary measurements [1, 2, 10, 116].  
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In this chapter, the upper frequency limit was estimated from measurements of nerve tissue impedance 

with no evoked neural activity (the ‘baseline’ or ‘inactive’ impedance), and the lower frequency limit from 

artificially evoked compound action potentials (CAPs), both performed in-vitro using a multi-electrode 

nerve cuff on sciatic nerve of rat. The results provide insight into the operating bounds of FDM EIT in 

nerve cuff. 

7.2. Methods 

7.2.1. Tissue Preparation and Handling 

Animal procedures were approved by the University of Auckland Animal Ethics Advisory Committee. 

All animal specimen were Sprague-Dawley breed rats, male, and weighed 500 to 600 grams. 

Experiments were performed in-vitro on cadavers, which were euthanized, using carbon dioxide and 

then cervical dislocation, as part of routine colony population management. Immediately following 

euthanasia, an incision was made on the left hind leg and a nerve cuff implanted around the exposed 

sciatic nerve. A 0.01 M phosphate buffered solution (PBS), oxygenated with Carbogen5 gas (95% O2 / 

5% CO2) and heated to 38 ºC, was applied to exposed nerve and muscle tissues to prolong tissue life. 

7.2.2. Nerve Cuff Electrode Array 

The electrode array was provided by The EIT Research Group at The Department of Medical Physics 

and Biomedical Engineering, University College London, and was produced from LASER cut stainless 

steel foil and silicon sheet [10]. The array contained 28 electrodes arranged into two rings of 14, with 

the two rings spaced 1 mm apart along the length dimension, and flanked on either side by a reference 

electrode. The 28 smaller electrodes were 1.1 x 0.11 mm in size, and the reference electrodes were 

0.33 x 3.63 mm, Fig. 7.1. The array was glued into a silicon tube of 4mm outer diameter and 1.2mm 

inner diameter.  

All electrodes were cleaned in 0.1 M phosphate buffered solution (PBS) by cycling 10 times between 

+/- 2.5 V at 100 mV/s, then coated with poly(3,4-ethylenedioxythiophene):p-toluene sulfonate 

(PEDOT:pTS) coating, which lowered the impedance, at 1 kHz, of the 28 small and 2 reference 

electrodes from (mean+/-1 standard deviation) 20+/-5.6 and 5.5+/-1 kΩ to 800+/-100 and 230+/-30 Ω, 

respectively. 
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7.2.3. Signal Generation and Acquisition Hardware 

In all experiments, signals from the measurement electrodes were logged at a sample rate of 167 kS/s 

using two National Instruments NI9205 modules in a CompactRIO® chassis, with common ground 

connected to a stainless steel pin in the animal’s foot. The LabVIEW FPGA interface was used to 

synchronize hardware functions and data recording, and the LabVIEW Real-Time interface used to 

control parameters. Data were saved directly to text files on the host PC, and then processed at a later 

time using MATLAB 2017b.  

In CAP recording experiments a National Instruments NI9401 digital output module provided gate and 

trigger signals, via an opto-isolator, to an A-M Systems Model 2100 isolated pulse stimulator to generate 

tissue stimulation pulses, Fig. 7.2. In tissue impedance experiments a sinusoidal drive signal with 

constant current amplitude was produced using a waveform generator and Howland circuit, both 

mounted on a custom PCB designed by The EIT Research Group at The Department of Medical 

Physics and Biomedical Engineering, University College London, with the frequency and current 

amplitude set using an Arduino Pro Micro ATmega32U4 interface board.  

7.2.4. Experiment Procedures 

Prior to being implanted the nerve cuff was soaked in 0.01 M phosphate buffered solution (PBS) for 

one hour. The same nerve cuff was used for all experiments.  

7.2.4.1. Inactive Tissue Impedance 

A total of four animals were used in extra-neural impedance measurement experiments: two in 

longitudinal and two transverse impedance measurements. In the longitudinal direction, the drive 

electrodes were on different rings and 0º angular offset, and the two measurement electrodes were 

positioned adjacent to the drive electrodes, Fig. 7.3. For impedance measurements in the transverse 

Two columns of 14 
electrodes 

Reference 
electrode 

Reference 
electrode 

1 mm 

Figure 7.1: Electrode layout on the 28 channel electrode array, 1mm scale bar; the electrodes appear black due 

to the PEDOT:pTs coating. 
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direction, the drive electrodes were on the same array and at an angular offset of 180º, and the 

measurement electrodes were 129º apart and adjacent to each of the drive electrodes, Fig. 7.3.  

 

 

A drive current amplitude of 16 µA, which has been shown to elicit minimal neural activity in peripheral 

nerve in longitudinal (direct current) [4] and transverse (alternating current) [10] directions, was applied 

for 10 seconds sequentially at 1, 2,  4, 8, 16 and 32 kHz, the ‘test frequency range’, with the order 

randomized. The frequencies in the test frequency range were selected to encompass the frequency 

roll-off of longitudinal fibres modelled in [7].  

All impedance measurements were bandpass filtered, to reduce noise, using a 6th order Butterworth 

filter of +/-500 Hz bandwidth cantered on the drive current frequency. The frequency dependent transfer 

function of the system was characterized using a resistor phantom, and later used to correct impedance 

measurements. The impedance magnitude of each electrode was measured in PBS prior to 

Figure 7.2: Schematic of experimental hardware set-up. 

Figure 7.3: Nerve cuff electrode configuration used to measure the impedance in the longitudinal current 

direction (a), and transverse current direction (b) 

(a) (b) 
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implantation of the nerve cuff, and later used to remove the contribution of the electrodes from tissue 

impedance measurements. Transverse and longitudinal impedances were normalized against their 

respective 1 kHz values for ease of comparison. 

7.2.4.2. Recording of Evoked Compound Action Potentials 

A total of two animals were used in CAP recording experiments. Each had their left hind leg, implanted 

with the nerve cuff, fixed to a stationary fixture to reduce movement artefacts. The stimulation pulse 

was biphasic, anode-leading, 200 µs pulse width per phase, +/-5 mA amplitude, and administered at 1 

Hz via  two stainless steel pins placed between toes 1-2 and 4-5 in order to stimulate the entire paw 

[10]. The tibial, peroneal and sural nerve branches innervate the hind paw and also constitute the main 

bifurcations from the rat sciatic nerve [262], producing an evoked CAP which is present in all fascicles 

of the sciatic nerve.  

Data were recorded for the 25 ms on either side of the stimulation pulse. Each experiment lasted five 

minutes and produced a total of 300 recordings, which were averaged together to reduce the noise 

level. To extract the CAP the averaged signal was filtered using a 6th order bandpass filter with zero 

phase shift and 0.1 to 2 kHz bandpass. An 8 ms length window of the unfiltered signal, selected to 

encompass the CAP but not the stimulation pulse artefact, was Fourier transformed to evaluate CAP 

artefacts across the test frequency range.  

7.3. Results 

7.3.1. Inactive Tissue Impedance 

In the longitudinal direction, the normalized impedance showed a monotonic decrease across the test 

frequency range, and showed good agreement with the estimate from modelling presented in [7], Fig. 

7.4a. In the transverse direction, the normalized impedance oscillated around a normalized magnitude 

of 1, with local maxima at 2 and 8 kHz, and a local minimum at 4 kHz, and showed reasonable 

agreement with the estimate from modelling presented in [7] in the frequency range 1 to 16 kHz. In both 

transverse and longitudinal directions, large error bars, particularly at higher frequencies, indicated 

significant variance between the experiment runs, Fig. 7.4a.  

7.3.2. Recording of Evoked Compound Action Potentials 

In both animals, the first peak of the CAP was positive, lasted 1 ms, and commenced 1.9 ms from the 

middle of the stimulation pulse, Fig. 7.4b. The propagation time range of 1.9 +/-0.2 to 2.9 +/- 0.2 ms, 

when taken across the 70 mm distance between the stimulation pins and nerve cuff, corresponds to 

CAP velocity of 41 to 22 m/s, and myelinated fibre diameters of 4.0 to 7.4 µm. The positive peak was 

immediately followed by a negative peak of approximately 1.4 ms duration. Contributions to the CAP 
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from unmyelinated fibres, which were expected to be present between 5 and 7 ms after the stimulation 

pulse, were below the 34 uV noise floor.  

The discrete Fourier transform (DFT) window was positioned to start 1 ms prior to the CAP. The DFT 

showed the frequency component with the highest power at 400 Hz, and significant power also present 

at 500 Hz. The power reduced significantly between 500 Hz and 1 kHz, and was negligible above 3 

kHz, Fig. 7.4c.   

 

(b) 

(c) 

(a) 

Stimulation 
pulse artefact 

CAP 

Window for DFT 

Figure 7.4: Frequency roll-off and frequency spectra results. Normalised impedance magnitude of sciatic nerve 

of rat in the longitudinal and transverse directions; comparison of in-vitro data (mean +/-  range) and estimate 

using the model in [7] (a). The averaged signal from 300 recordings on one animal showing stimulation pulse 

and CAP (b); and, the DFT of an 8 ms window of the signal in (b), showing the CAP frequency components (c). 
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7.4. Discussion 

In the transverse direction, the local minimum at 4 kHz followed by a local maximum at 8 kHz is in 

reasonable agreement with values presented in [10], which described the fraction change in impedance 

between the inactive and active axon  states as having a local maximum at 6 kHz with a gradual decline 

between 6 and 15 kHz; though it should be noted, in the study presented in this chapter only measured 

the impedance of inactive neural tissue was measured. The beginning of the frequency roll-off may be 

evident between 8 and 32 kHz, which is not in agreement with modelling presented in [7], though tests 

at higher frequencies, and a higher number of tests, are necessary to confirm this.  

In the longitudinal direction, the impedance frequency roll-off between 1 and 32 kHz is in broad 

agreement with modelling presented in [7], as well as in-vivo data on the fraction change in impedance 

between the inactive and active axon  states in [4] which examined the range 0.1 to 4.5 kHz.  

In both longitudinal and transverse directions, the high frequency plateau in the impedance frequency 

roll-off, which indicates that the sensitivity of EIT to neural activity is lost, cannot be estimated with high 

confidence due to the large variance and limited frequency range of in-vitro data. For the longitudinal 

direction, by extrapolating from the model in [7], the 80 % reduction point is can be estimated at 20 kHz 

with reasonable confidence. Therefore, the upper limit of the operating frequency range is at 20 kHz, 

with the caveat that higher frequencies are likely possible with a transverse current.  

The CAP shape and temporal location, approximately 2 ms after stimulation, is comparable to [263], 

which used the same method of stimulation of rat sciatic nerve, though with a longer stimulation pulse 

width of 2 ms. The predominance of the CAP artefact in 400 - 500 Hz frequency range is expected due 

to its quasi-sinusoidal shape with a 2.2 ms period. Single fibre action potentials in myelinated fibres, on 

the other hand, typically depolarize and repolarize in 0.5 to 1 ms [264], and so are expected to be 

dominated by frequency components in the 1 – 2 kHz range. We, therefore, place the lower limit of the 

operating frequency range at 2 kHz.  

7.5. Limitations 

In neural EIT, the frequency response of tissue impedance is typically presented as the maximum 

fraction change in impedance between the inactive and active fibre states, for example in studies on 

peripheral nerve [10], cortex and thalamus [1]. Estimating the frequency roll off from inactive tissue 

alone assumes the frequency response is dominated by the myelin sheath.  

Transverse current electrode configuration is influenced, to some degree, by longitudinal impedance 

changes, and vice versa, because the current is not restricted to either the transverse or longitudinal 

planes. 

In-vivo experiments on rat sciatic nerve in [10] determined transient impedance changes from fascicle 

level activity to produce changes in boundary voltage of around 5 uV. In contrast, in the study presented 

in this chapter, the six sigma noise floor of the averaged signal in CAP experiments was 34 uV. 
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Frequency components of the CAP, which were below the noise floor, could not be analysed. 

Implementing an anti-aliasing filter, as was done in  [10],  would reduce the noise and improve accuracy 

by removing any waveform distortion from aliasing.  

7.6. Conclusion 

In this chapter, the operating frequency range for neural-EIT in myelinated peripheral nerve was 

estimated to be from 2 to 20 kHz. With longitudinal currents the EIT signal strength will decay 

exponentially across this frequency range, placing more importance on the lower frequencies; whereas 

with transverse currents, peaks in sensitivity occur at approximately 8 kHz. In EIT, using a demodulating 

bandwidth of +/- 2 kHz [226] or  +/-3 kHz [10] would allow multiplexing of 4 and 3 carrier signals, 

respectively, within this frequency range. The operating frequency range of 2 to 20 kHz provides a 

working range for frequency division multiplexing experiments presented next in chapter 8. 
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8. FREQUENCY MULTIPLEXING IN 
PERIPHERAL NERVE 

 

 

 

8.1. Introduction 

Neural-EIT experiments have been performed under controlled conditions to image cortical activity in 

3D [116] and extract transient impedance changes [1] during sensory stimuli in cerebral cortex of rat in-

vivo; to image cortical activity in 2D [2, 8] and extract impedance changes [5] during ictal and interictal 

activity from induced epileptic seizures in rat in-vivo; to image fascicle level activity [10, 226] or extract 

transient impedance changes [4] in sciatic nerve of rat in-vivo; and, to extract transient impedance 

changes from non-mammalian nerve ex-vivo [3]. In each study, transient impedance changes were 

extracted using the following steps, in order: time-domain windowing of the boundary voltage 

measurements, bandpass filter (BPF) with bandwidth centered on the drive current frequency, and then 

either the Hilbert transform (HT) [1-5] or an un-noted signal envelope function [8, 10, 116, 226]. 

Furthermore, with the exception of [4] where the bandwidth was +/-50 Hz, the bandwidth of the BPF 

reflected the frequency components of the underlying transient impedance changes from neural activity, 

which, as one would expect from the temporal duration of the associated neural activity, are lower in 

unmyelinated axons of non-mammalian nerves: +/-125 Hz [3], and cerebral cortex: +/-125  to +/- 500 

Hz [1, 2, 8, 116], than in myelinated axons: +/- 2 to +/- 3 kHz [10, 226]. While most of these neural EIT 

studies investigated drive currents at more than one frequency [1, 2, 4, 5, 8, 10, 116, 226], only one, a 

preliminary study on  induced epileptic seizures in rat in-vivo at 2.2 and 2.6 kHz, implemented FDM-

EIT [8]. Investigations into PDM-EIT of neural activity have, to date, only been performed on resistor 

phantom [187].  

The electrical and physiological differences between epileptiform activity in the cerebral cortex  [8], and 

activity in peripheral nerve, are significant, Table 8.1, and compel the study presented in this chapter 

on peripheral nerve. The limited operating frequency range in neural FDM-EIT systems makes it 

desirable to place carrier signals as closely together as possible in the frequency domain, while still 

maintaining the integrity of the amplitude and shape of the demodulated impedance change due to its 
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importance in EIT reconstruction. There is, therefore, a need to characterise the transient impedance 

change from neural activity in peripheral nerve, and determine suitable carrier signal spacing for an 

FDM-EIT system on peripheral nerve.  

 

 

8.1.1. Theory 

In EIT of neural activity, boundary voltage measurements 𝑦(𝑡), expressed as a function of time 𝑡, are 

comprised of a contribution from compound action potential (CAP), and a contribution from the EIT 

drive current, which we may term the ‘carrier signal’, equation 8.1:  

𝑦(𝑡) =   𝑣 𝑐𝑜𝑠(𝜔 𝑡)𝑧(𝑡) + 𝑣 (𝑡) + 𝑣 (𝑡) + 𝑣 (𝑡)        (8.1)  

where 𝑣 𝑐𝑜𝑠(𝜔 𝑡) is the boundary voltage contribution produced by the carrier signal, with amplitude 

𝑣 , and angular frequency 𝜔 ; 𝑧(𝑡) is the tissue impedance change, which is normalised against the 

basal value of the sample in the inactive state, and which amplitude-modulates the carrier signal as the 

tissue undergoes transient changes in impedance during neuronal depolarisation, Figs. 8.1a and 8.1b; 

𝑣 (𝑡) is the CAP, Fig. 8.1a; 𝑣 (𝑡) is the voltage artefact from the stimulation pulse, or stimulus artefact, 

used to artificially excite neural tissue in bench-top experiments; and 𝑣 (𝑡) is noise. The Fourier 

transform of 𝑦(𝑡) is given by: 

𝑌(𝜔) =   𝑣  [𝑍(𝜔 − 𝜔 ) +  𝑍(𝜔 + 𝜔 )] + 𝑉 (𝜔) + 𝑉 (𝜔) + 𝑉 (𝜔)   (8.2)  

where 𝜔 is angular frequency, and capital letters 𝑌, 𝑍 and 𝑉 indicate the Fourier transform of the 

corresponding function with lower case letters. In the frequency domain, equation 8.2, it is clear that 

suitable selection of 𝜔  can be used to separate the CAP from the carrier signal, Fig. 8.1b, and a BPF 

centred around 𝜔  and with bandwidth which encapsulates the main frequency components of 𝑍(𝜔) will 

extract the impedance change.  

 

 

 

Parameter  Epileptiform activity in the cerebral cortex   Activity in peripheral nerve 

Source of neural activity Neurons and unmyelinated axons Myelinated nerve fibres 

Duration of neural activity 
Ictal: several seconds  
Interictal: up to 70 ms [5] 

1 – 2 ms [6, 10] 

Tissue impedance frequency 
roll off  

Approximately 3 kHz [5] Approximately 15 - 20 kHz [6] 

Table 8.1: Electrical and physiological differences between epileptiform activity in the cerebral cortex  [8], and 

activity in peripheral nerve 
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8.1.2. Objective 

In this chapter, transient impedance changes were extracted from FDM drive currents during evoked 

neural activity in sciatic nerve of rat in-vitro. To achieve this, a tapered window was applied followed by 

the BPFHT demodulation method established in [1-5], within which the BPF was designed using 

frequency component analysis of the neural activity’s CAP and impedance components. The results 

provide insight into suitable drive frequencies in FDM-EIT experiments, as well as a method for their 

selection, and demonstrates the viability of FDM-EIT of neural activity on peripheral nerve, which will 

be a central aspect of future real-time neural-EIT systems and EIT-based neural prosthetics interfaces.  

8.2. Methods 

8.2.1. Tissue preparation and handling 

Animal procedures were approved by the University of Auckland Animal Ethics Advisory Committee. A 

total of 5 animals were used; all Sprague-Dawley breed rats, male, and weighing 500 – 650 grams. 

Experiments were performed in-vitro on cadavers immediately following euthanasia using Carbon 

Dioxide followed by cervical dislocation, and performed as part of routine colony population 

𝑉 (𝜔) 
𝜔  

1

2
 [𝑍(𝜔 − 𝜔 ) +  𝑍(𝜔 + 𝜔 )] 

Figure 8.1: Schematic of CAP and impedance signal in the time (a) and frequency (b) domains. Example CAP 

𝑣 (𝑡) modelled using a positive half period of a 500 Hz sine wave appended to the negative half period of a 400 

Hz sine wave to approximate results in [6], and example impedance change 𝑣 [𝑧(𝑡) − 1], shifted to a basal value 

of zero for comparison to the CAP, modelled using 𝑧(𝑡) =  1 −  𝑎𝑡𝑒( ) with 𝑎 and 𝑏 selected as 4.08 and -3×103, 

respectively, to produce an amplitude of -5 ×10-4 (-0.05% [10] of a 100mV carrier signal 𝑣 ), and duration of 1.5 

ms. (b) Frequency components of the CAP, impedance change, and an 8 kHz carrier signal, plotted on log-log 

scale due to the small amplitude of the two former relative to the latter.  

𝑣 [𝑧(𝑡) − 1] 

𝑣 (𝑡) 

(a) (b) 
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management. On each animal, the left hind leg was de-gloved of skin then an incision was made down 

the posterior side between the Gracilis and Biceps Femoris muscles, exposing the sciatic nerve and 

proximal sections of its distal branches within the intermuscular cavity. Tissue of the Gracilis muscle 

was cut away to improve access to the sciatic nerve and facilitate implant of the nerve cuff. During the 

course of experiments, 0.01 M phosphate buffered solution (PBS), oxygenated with Carbogen 5 gas 

(95% O2 / 5% CO2) and heated to 38 ºC, was administered to exposed surfaces of the nerve branches 

and muscle to prolong tissue life.  

The three main nerve branches which bifurcate from the sciatic nerve – the tibial, peroneal and sural 

branches – innervate the hind paw [262]. Artificially evoked neural activity in the sciatic nerve was, 

therefore, achieved by administering a stimulation pulse across two stainless steel pins placed between 

toes 1-2 and 4-5, approximately 70 mm distal to the nerve cuff implant. The hind paw was fixed in place, 

using a strap around the ankle, to ensure that any twitching evoked in the paw by the stimulation pulse 

did not produce movement artefacts in the nerve cuff; though, because the paw is largely void of muscle 

tissue, twitching was expected to be negligible. The ground path of the data acquisition and filtering 

electronics was attached to the contralateral hind paw via a 460 kΩ resistor and steel pin in series.  

8.2.2. Nerve cuff with dual ring electrode array 

The electrode array was produced by The EIT Research Group, The Department of Medical Physics 

and Biomedical Engineering, University College London, using the fabrication method described in 

[128]. The electrode array contained two columns of 14 electrodes, each 1.1 x 0.11 mm in size and 

0.25 mm centre-centre spacing, running parallel to a 0.33 x 3.63 mm reference electrode on either side. 

When wrapped around a nerve, each column of 14 electrodes creates a ring of electrodes spaced at 

approximately 26º angular offset around the nerve boundary. The two columns were spaced 1 mm 

apart, while each column and its adjacent reference electrode were spaced 2 mm apart, Fig. 8.2a. All 

electrodes were coated with poly(3,4-ethylenedioxythiophene):p-toluene sulfonate (PEDOT-pTS) 

coating to reduce the electrode-tissue contact impedance.  

The change in longitudinal tissue impedance, parallel to nerve fibres, during neural activity is estimated 

to increase with decreasing inter-electrode ring spacing in modelling by [7]. This effect may be limited, 

however, as noted by the authors in [7], as the inter-electrode ring spacing and distance between 

neighbouring node of Ranvier become comparable in length. Therefore, the gap between the two 

electrode columns was increased from 1 mm to 3 mm (2 mm to 4 mm centre to centre) by cutting the 

electrode array down the centre line, and then gluing the two separated electrode columns at 3mm 

spacing within a 1.2 x 6 x 13 mm (ID x OD x length) silicon tube, Fig. 8.2b. An opening which extended 

down the length of one side of the cuff allowed insertion and removal of the sciatic nerve during animal 

experiments. The nerve cuff was soaked in PBS for one hour prior to being implanted.  
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8.2.3. Hardware and data collection 

In single frequency and FDM, one and two EIT drive currents, respectively, were applied to the nerve 

cuff. Each drive current was produced using a custom PCB with 6 parallel circuits each containing a 

waveform generator and Howland circuit current controllers, developed by The EIT Research Group at 

The Department of Medical Physics and Biomedical Engineering, University College London, and 

available for download from https://github.com/EIT-team. The custom PCB had 4 jumper-set current 

amplitudes: 16, 33, 64, and 150 µA, and digitally programmable frequencies for each channel. In each 

subject, the selected drive currents were applied continuously for the duration of the experiment, and 

were phase randomised across epochs to remove phase-dependent artefacts [3].  

Boundary voltage measurements were acquired from two electrodes in the nerve cuff. Each 

measurement signal was passed through two, in series, second order anti-aliasing filters of Sallen-Key 

topology, with 20 kHz cut-off frequency and Q = 0.69, then was logged on one of two data acquisition 

modules (National Instruments CompactRIO® NI9205) at 167 kS/s/ch sample rate, and 16 bit resolution 

across +/- 1V input range. Measurements were made with respect to the one of the two nerve cuff 

reference electrodes.  

Data was recorded in 50 ms windows, which we may also term an ‘epoch’, with 450 ms lapsing between 

each epoch, and saved directly to .txt files for analysis in MATLAB after experiment completion. An 

isolated pulse stimulator (A-M Systems Model 2100) was triggered at the start of each epoch, via digital 

lines (National Instruments CompactRIO® NI9401) and an opto-isolator, to wait 25 ms and then 

produce a biphasic square pulse of 200 µs duration per phase, and +/- 5 mA amplitude [10]. Triggering 

Figure 8.2: Electrode array and nerve cuff. (a) Electrode array containing a two columns of 14 electrodes and 

two reference electrodes, which was cut down the middle, along the labelled, dotted line, to increase the inter-

electrode ring distance. (b) The electrode array assembled into a silicon tube to produce the dual ring nerve 

cuff (b) with outer (O.D.) and inner (I.D.) diameters indicated. 

Two columns of 14 
electrodes 

Reference 
electrode 

Reference 
electrode 

1 mm 

Cuff O.D. 

Cuff I.D. 

Cutting line 

(a) (b) 
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and recording were synchronised using the LABVIEW FPGA interface. The experiment ran for up to 

1000 epochs, or 8 minutes 20 seconds, on each subject.  

The angular offset between drive electrodes for transverse drive current, across nerve fibres, was 

selected as 129 º based on recommendation of 135 º in [10], and passed between an electrode pair on 

the same ring. For longitudinal drive current, parallel to nerve fibres,  the angular offset was selected 

as 0 º and situated on different electrode-rings based on modelling in [9]. Similarly, boundary voltage 

measurements were acquired from one electrode for transverse current, at 77 º and 205 º, and on 

different electrode rings for longitudinal current, at either 56 º and 129 º for subject 2, or 29 º and 129 º 

for subjects 3 – 5, Fig. 8.3, Table 8.2.  

A single-frequency was applied to the first two subjects to benchmark the extracted impedance change 

for comparison with FMD; one with transverse current, and one with longitudinal current. The drive 

current amplitudes were selected, as 150 µA in transverse direction [10] and 30 µA in the longitudinal 

direction [4], to maximise the amplitude of the resultant boundary voltage contribution, equation 8.1, 

and so improve the SNR, while limiting stimulation of fibres in the nerve cuff by the EIT drive current. 

Drive current frequencies were selected to maximise the impedance change amplitude based on results 

in [6], as 8 kHz for transverse and 4 kHz for longitudinal direction, Table 8.2.  

In FDM, the longitudinal drive currents were selected as 33 µA such that the maximum in the multiplexed 

currents was in the range 50 to 60 µA. This summative range, of 50 to 60 µA, was assumed to produce 

minimal nerve fibre excitation based on equivalent charge per phase in the FDM-EIT drive current as 

that in [4], from 30 to 40 µA, 100 µs, monophasic square pulse. Minimum spacing of the drive current 

frequencies was selected, as 2 kHz, by Fourier transforming the demodulated signal from the two initial 

subjects, with single frequency applied, then doubling the main frequency band to ensure no overlap 

between impedance change sidebands on neighbouring carrier signals, Fig. 8.1. Frequency spacing of 

4 and 8 kHz were also implemented for comparison.   
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Subject  Number and direction of 
drive currents  

Amplitude Frequency Drive and measurement electrode 
position 

1 1: Transverse 150 µA 8 kHz drive: 0 º / 129 º  

measurement: 77 º / 205 º 

2 1: Longitudinal 33 µA 4 kHz drive: 0 º / 0 º 

measurement: 51 º / 129 º 

3 

 

2: Longitudinal 33 µA 

33 µA 

4 kHz 

6 kHz 

drive: 0 º / 0 º 

drive: 180 º / 180 º 

measurement: 26 º / 129 º  

4 2: Longitudinal 33 µA 

33 µA 

4 kHz 

8 kHz 

drive: 0 º / 0 º 

drive: 180 º / 180 º 

measurement: 26 º / 129 º 

5 2: Longitudinal 33 µA 

33 µA 

4 kHz 

12 kHz 

drive: 0 º / 0 º 

drive: 180 º / 180 º 

measurement: 26 º / 129 º 

 

 

 

 

Figure 8.3: Drive and measurement electrode configurations used for transverse (a) current in experiment 1, 

and longitudinal (b) current in Experiment 3, where I indicates the drive current sources electrode pairs, and V 

indicates the boundary voltage measurement electrodes. For transverse current only one electrode ring was 

used, whereas for longitudinal current both rings were used. Voltage measurements were made with respect to 

one of the reference electrodes, which are not shown here.   

(a) (b) 

Table 8.2: Drive current settings and electrode positions used in each subject 
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8.2.4. Data processing to extract impedance changes  

The CAP was extracted from each epoch using a 6th order, zero phase shift, Butterworth BPF with 0.1 

to 1.5 kHz pass band [6]. Between 400 and 500 epochs were then averaged together to reduce noise. 

The CAP frequency components were obtained via discrete Fourier transform of a 10 ms length window 

which commenced in the interlude between the stimulation pulse and the CAP, at 26.5 ms, and were 

later used in design of the BPF in the BPFHT demodulating function used to process FDM data, Fig. 

8.4.  

Three pre-processing steps were implemented prior to BPFHT demodulation: the two measurement 

channels in each epoch were subtracted from one another to reduce the amplitude of the stimulus 

artefact by removing common components; the DC component of each epoch was removed by 

subtraction of the mean; and, window artefacts, such as spectral leakage from transients at the window 

edge and Gibbs phenomena from sharp steps at the window edge, were reduced by applying a tapered 

window, Fig. 8.4. A Tukey window was selected for this third step as the transient features in the signal 

are not distorted within the flat central section. The tapered sections of the Tukey window were designed 

to occupy 25 to 40 % of the window as this was found, using trial and error, to offer a good balance 

between removing ringing artefacts and maintaining an undistorted section of window large enough for 

analysis.  

In the BPFHT method, the BPF was implemented as a zero phase-shift Butterworth, with infinite (IIR), 

instead of finite (FIR), impulse response for its lower computational demand. In the two subjects with a 

single frequency applied, the BPF bandwidth was set to +/-2 kHz [226], and BPF order set to 6 based 

on an order of 5 in [1, 2, 10]. Each filtered epoch was Hilbert transformed to demodulate the transient 

changes in boundary voltage caused by the impedance change, then 400 to 500 epochs were ensemble 

averaged to reduce noise.  

Tissue impedance changes 𝑧%(𝑡), expressed as percentage change in the demodulated boundary 

voltage signal 𝑉(𝑡) from the baseline value 𝑉 , were calculated using equation 8.3:  

𝑧%(𝑡) = 100
( )

         (8.3) 

where 𝑉  was calculated as the average value across a 10 to 20 ms window of 𝑉(𝑡), corresponding to 

a period of largely inactive nerve tissue prior to the stimulation pulse at 25 ms.  

8.2.5. Selection of demodulation parameters for FDM  

The frequency components of the impedance change from the two initial single frequency subjects were 

obtained via discrete Fourier transform of a 10 ms length window which, as before, commenced at 26.5 

ms. The pass band of the BPF, for use in FDM, was selected as the bandwidth which encompassed at 

least 99.99% of the frequency power of the impedance change, determined from the area under the 

frequency-power plot. The frequency components of the CAP and impedance changes, extracted from 

subjects 1 and 2 single frequency, were applied to an ideal, 100 mV amplitude carrier signal at 4 kHz 
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in MATLAB, normalised against the maximum amplitude, and plotted next to ideal, 100 mV amplitude, 

unmodulated carrier signals at 6 and 8 kHz, representing frequency spacing of 2 and 4 kHz respectively. 

Ideal signals were used to ensure narrow spectra, and comprised exact integer division of frequency 

and window size with sample rate. The BPF order was selected by ensuring the intersection between 

the BPF response and the neighbouring carrier signal was sufficiently below the peak of the impedance 

change sideband, which was defined using a threshold at the frequency corresponding to the 99.99% 

area point on the frequency-power plot as it accounts for the size and shape of the impedance change. 

Similarly, it was verified that the CAP did not distort the extracted impedance change by determining 

that its frequency components were below this same threshold within the pass band of the BPF, Fig. 

8.4.  

In FDM, subjects 3 – 5, BPFs, with bandwidth and order selected using the method described above, 

were applied during BPFHT demodulation, and were evaluated against higher and lower order BPFs 

within the range 4 to 20 and in increments of 4. In addition, in line with the method presented in previous 

study on FDM of neural activity [8], a BPF was applied after application of a notch filter during BPFHT 

demodulation. Here, the BPF order was set to 4 (with all other BPF settings as described above), and 

the notch filter designed as an IIR, zero-phase shift, 6th order stopband filter with +/- 500 Hz bandwidth 

centred on the neighbouring carrier signal. Filter settings which were applied to the FMD data, from 

subjects 3 – 5, were also applied to the single frequency data, from subjects 1 – 2, to examine whether 

the integrity of the shape and amplitude of the extracted impedance change were maintained. As with 

earlier, after each epoch was filtered and Hilbert transformed, 400 to 500 epochs were ensemble 

averaged to reduce noise.  
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Extract CAP 

Band pass filter 
- Filter order and bandwidth 
from literature [6] 

Ensemble averaging 
- Number of epochs 
determined by system noise  

Raw data 
- Single 
frequency 
experiments 

Pre-processing 

Differential measurement 
 -Subtract voltage 
measurements acquired from 
the two electrodes 
- Electrode pair selection from 
literature [9] 

Remove DC component 
- Subtraction of the mean 

Apply tapered window 
- Tukey window 
- Tapered length selection 
from trial and error 

Extract impedance change 
- BPFHT method [1-5] 

Band pass filter 
- Filter order and bandwidth 
from literature 

Hilbert transform 

Ensemble averaging 
- Number of epochs 
determined by system noise  

Impedance change z(t) 

Characterise impedance 
change 

Obtain frequency-power 
curve.  
- Discrete Fourier transform 

Find frequency range 
encompassing 99.9% power  
- Integration of frequency-
power curve 

Determine settings for FDM EIT 

Create ideal signal 
- Amplitude modulate ideal 
carrier signals with extracted 
impedance change, and add 
extracted CAP artefact 

Obtain frequency-power 
curve 
- Discrete Fourier transform 

Set threshold 
- Using the 99.9 % power 
frequency of target impedance 
change 

Determine BPF order  
- Analysing intersection 
between the threshold and 
BPF filters' responses 

Determine BPF bandwidth 

Pre-processing 

Differential measurement 

Remove DC component 

Apply tapered window 

Raw data 
- FDM 
experiments 

Extract impedance change 
- BPFHT method  

Band pass filter 

Hilbert transform 

Ensemble averaging 

Impedance change z(t) 

Notch filter [8] 
- Settings not evaluated in 
current study 

Notch filter [8] 
- Settings not evaluated in 
current study 

Verify CAP does not distort 
impedance change 
- Ensure CAP artefact is below 
impedance threshold 

Figure 8.4: Flow chart of the method for selection of signal processing parameters described in the study 

presented in this chapter. Initial signal analysis on data from a single frequency experiment is used to 

determine suitable demodulation settings for FDM experiments. The optional notch filter step, shown with a 

dashed outline, was only applied in combination with a 4th order BPF, and its settings were not analysed as 

part of the study presented in this chapter.  
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8.3. Results 

8.3.1. Compound action potential (CAP) 

In all subjects, the stimulus artefact was significantly larger than the CAPs. A 1 ms delay between 

ringing of the stimulus artefact, produced by the BPF, and commencement of the CAPs meant the two 

were visually distinguishable, Fig. 8.5a. The CAPs commenced at 27.3 ms in subject 1, and 28 ms in 

subjects 2 and 3, representing a propagation time from the centre of the stimulation pulse of 2.1 to 2.8 

ms. The CAP peak-to-peak amplitudes ranged from 200 µV in subject 2 up to 340 µV subject 1, and 

the durations ranged from approximately 2.5 ms in subject 1 and 3, to 3 ms in subject 2. The frequency 

components of CAPs in all subjects showed good agreement, with the main components present 

between 200 to 500 Hz, Fig. 8.5b. A significant reduction in power was observed for all CAPs between 

500 Hz and 1 kHz, a small to negligible portion of which may be attributable to the BPF with -3dB cut-

off of 1.5 kHz.  

 

 

8.3.2. Pre-processing  

Subtraction of the two measurement channels significantly reduced the amplitude of the stimulus 

artefact, Fig. 8.6a and 8.6b. Ringing from Gibbs phenomena was observed in ensemble averaged 

signals when no Tukey window was applied as a pre-processing step, Fig. 8.6c. This ringing decayed 

rapidly in amplitude from a maximum at the window edge towards the centre, though with a still 

significant amplitude in the central 10 ms of the window relative to the amplitude of the stimulus artefact, 

Figure 8.5: CAP recordings for each experiment extracted with a BPF (6th order 0.1 to 1.5 kHz) (a), and 

corresponding frequency spectra (b). The stimulus artefact, with amplitude peaks cropped off but indicated by 

labels, is visible from 23.8 to 26.6 ms, while the CAPs are visible from 27.3 to 31 ms. Frequency components 

of the CAPs (b) obtained via Fourier transform of a 10 ms length window of the CAP recordings.  

(a) (b) 

Max: 7.4 mV 

Min: -4 mV 
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observed at 25 ms, and the impedance change, observed from 28 to 31 ms. Ringing was up to 3 orders 

of magnitude lower when a Tukey window, with tapered sections occupying a total of 25 % of the 

window size, was applied as a pre-processing step prior to the BPFHT function.  

8.3.3. Impedance changes 

Ensemble averaging of 400 – 500 epochs lowered the system noise from +/- 170 µV RMS down to +/- 

2.5 µV RMS. In the two single frequency subjects, the impedance change was below the noise floor 

(+/- 0.0033% RMS) in transverse current direction, subject 1, but clearly visible above the noise floor 

(+/- 0.0017% RMS) in longitudinal current direction, subject 2, Figs. 8.7a and 8.7b. In the latter, the 

impedance change rose sharply at -0.0275 %/ms to a peak of -0.0358 % at 29.8 ms, then decayed 

back towards 0 % at a more gradual rate of between 0.016 and 0.003 %/ms. Fourier transform the 10 

ms length window, containing the observed impedance change, showed main frequency components 

in the 100 to 200 Hz band, and significant drop in power between 200 Hz and 1 kHz.  

Integration to obtain the area under the frequency-power curve, Fig. 8.7c, revealed 99.99% of power in 

the 100 to 750 Hz range, Fig. 8.7c inset. This evaluation did not consider frequencies in the 0 to 100 

Hz range due to limitations of the Fourier transform imposed by the 10 ms length window used to obtain 

the frequencies. Therefore, a bandwidth of 750 Hz was selected for the BPF.  

In determining the order of the BPF, the +/- 750 Hz points on the 4 kHz ideal carrier signal, which had 

been modulated with the impedance change from subject 2, established the intersection threshold at 

4.5×10-6 normalised amplitude, Figs. 8.8a and 8.8b. BPF orders of 8 and 12 intersected the 6 kHz ideal 

carrier, and BPF order of 8 intersected the 8 kHz ideal carrier, above the threshold of the impedance 

change. Therefore, for 2 kHz spacing between carrier signals BPF order of 16 or higher were deemed 

Figure 8.6: Effects of including Tukey window during processing. Boundary voltage recording from one epoch, 

taken from one electrode, in subject 2 before (a) and after (b) pre-processing steps, with the stimulus artefact 

at 25 ms clearly visible in the former but not the latter, and the DC offset removed and Tukey window applied 

in the latter. (c) Comparison of the signal after BPFHT (6th order +/- 2 kHz) and ensemble averaging with and 

without use of the Tukey window in pre-processing, showing that the significant ringing, which is present when 

no tapered window is used, distorts the impedance change which is visible between 28 and 31 ms. 

(a) (b) (c)
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as suitable, and for 4 kHz spacing an order of 12 or higher – or an order of 10 or higher using visual 

interpolation - was deemed suitable. The CAP was below the threshold within the band pass of the 

BPF. 

Figure 8.7: Impedance changes extracted from single frequency experiments in transverse (a) and longitudinal 

(b) current directions, expressed as percentage change from baseline values; and, frequency spectra of 

impedance signal (c). The stimulus artefact is visible at 25 ms in both (a) and (b), and an impedance change is 

visible in (b) at 28 to 32 ms. Frequency components of the impedance change (c) are dominant below 1 kHz, 

with 99.99% of the power contained with the 100 to 750 Hz band (c inset).  

 

Stimulus 
artefact 

Impedance 
change 

Stimulus 
artefact 

(a) (b) (c) 

Figure 8.8: Frequency components of the impedance change from experiment 2, modulating an ideal 4 kHz 

carrier signal, and the CAP from experiment 2, plotted next to two ideal carriers, one at 6 kHz and one at 8 kHz. 

Overlaid are the responses of four Butterworth IIR BPF filters with bandwidths of +/-750 Hz and orders of 8, 12, 

16 and 20 (a), and, in the enlarged area of (a), close-up of the impedance change and surrounding features (b), 

showing the impedance peak, and the threshold used to determine suitable BPF order.  

ω0 = 6 kHz 

ω0 = 8 kHz 

Impedance 
change  

CAP 

8th order BPF 

12th order BPF 

16th order BPF 

20th order BPF 

Impedance 
change peak 

Threshold 

Enlarged 
area  

(a) (b) 
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In all FDM subjects the stimulation artefact was visible in the demodulated carrier signals, but was 

significantly smaller amplitude in the 4 kHz signal of subjects 3 and 4, Figs 8.9a and 8.9c. The 

impedance change was clearly visible in all demodulated carrier signals between 27 and 31 ms, but 

appeared distorted in the 4 kHz signal of subject 3 due to a -0.01 % drop in impedance across the 

artefact  Fig. 8.9a, possibly caused by noise or other electrical disturbance. The amplitude of the 

impedance change varied between frequencies within the same subject, and across subjects for the 

same frequency Figs. 8.9a – 8.9f. 

Ringing introduced by the neighbouring signal was present in signal demodulated with an 8th order BPF 

in subject 3, Figs. 8.9a – 8.9b, 4th order BPF in subject 4, Figs. 8.9c – 8.9d, and 4th order BPF of the 4 

kHz signal in subject 5, Fig. 8.9e. Ringing from Gibbs phenomena, caused by the relatively large step 

in the Tukey window, was present in all demodulated signals, and, as expected, exhibiting highest 

amplitude at the edges of the flat section of the Tukey window, at 11 and 39 ms, and increasing 

amplitude for higher order BPFs. Distortion of the impedance change introduced by BPF of the 

neighbouring stimulus artefact, observed as variations in the shape and amplitude of the impedance 

change, was present in all signals, but particularly pronounced in the 6 kHz signal in subject 3, Fig. 

8.9b, and 12 kHz signal in subject 5, Fig. 8.9f.  

Filtering with a 4th order BPF and the notch filter removed ringing introduced by the neighbouring signal 

in subjects 4 and 5, Figs. 8.9c – 8.9f, and significantly reduced this ringing in subject 3, Figs. 8.9a – 

8.9b. A 6th order BPF and the notch filter removed this ringing in subject 1. 

Comparison of the 8, 12, 16 and 20 order BPFs to the 6th order BPF in the 4 kHz single frequency 

subject, subject 2, showed the higher order BPFs introduced more ringing from Gibbs phenomena, 

which distorted the impedance change peak amplitude by up to -0.0001% (from -0.003612 % to -

0.003622 %), Fig. 8.9g.  
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0.02 % 0.02 % 

(g) 

(a) 4 kHz (b) 6 kHz 

Figure 8.9: Demodulated impedance changes from the 4 (a) and 6 (b) kHz carrier signals in experiment 3, 

the 4 (c) and 8 (d) kHz carrier signals in experiment 4, the 4 (e) and 12 (f) kHz carrier signals in experiment 

5; and signal distortion with higher order BPFs (g). Ringing at the window edge is larger at higher BPF orders 

(a-g). Residual ringing from the neighbouring carrier signal is visible at lower BPF orders (a-d), but is reduced 

significantly by a notch filter in (a-d).  

(c) 4 kHz (d) 8 kHz 

(e) 4 kHz (f) 12 kHz 

0.02 % 0.02 % 

0.02 % 0.02 % 



116 

8.4. Discussion 

The CAP propagation time, duration, and frequency components were in broad agreement with 

previous studies which stimulated the sciatic nerve using pins through the hind paw [6, 263]. The 

corresponding propagation velocity of 25 to 35 m/s agrees with the expected physiology of the excited 

fibres, which, due to the lack of muscles in the paw, are dominated by smaller diameter fibres associated 

with temperature and touch, and contain minimal larger diameter motor and proprioception fibres.  

Subtraction of the two measurement channels reduced the stimulus artefact, and is consistent with 

practical application of EIT where differential measurement between electrode pairs is common [9, 154]. 

The Tukey window significantly reduced ringing from Gibbs phenomena at the window edge compared 

to rectangular window, Fig. 8.6c, though, as expected, ringing was still present at the edge of the flat 

section of the Tukey window at higher BPF orders, Figs. 8.9a – 8.9f. With Gibbs phenomena, the decay 

in ringing towards the centre of the window favours larger temporal windows, such as the 200 ms and 

500 ms windows implemented in [10] and [1], respectively. However, windowing introduces a delay 

between occurrence of the neural event and its extraction, which, in the context of neural prosthetics, 

has direct influence on user experience through intentional binding effects [265], and practical 

repercussions on prosthetics control and user acceptance rates [82]. 

The approximately 50 µV amplitude of the demodulated impedance change with longitudinal current, 

contained within a +/- 145 mV amplitude sinusoidal boundary voltage generated by carrier signal, Fig. 

8.6c, was broadly in line with expectations based on findings presented in [10], which used transverse 

current and the same paw stimulation settings. Randomisation of drive current phase between epochs 

removes possible artefacts produced by the drive current [3, 10], while other potential sources of 

artefacts have been investigated and ruled out in [10]. Therefore, one can be confident the extracted 

impedance changes were caused by changes in the neural tissue impedance during neural activity  

Ensemble averaging to reduce system noise is a common practice in EIT [1, 2, 4, 5, 8, 10, 116, 226], 

and, in the study presented in this chapter, lowered noise from +/- 170 µV RMS down to +/- 2.5 µV 

RMS. Real time demodulation of the impedance changes characteristic of paw stimulation, as used in 

this study, would, therefore, require an analogue input range in the data acquisition system of several 

100 mV and a comparable noise level to the ensemble averaged value of +/- 2.5 µV RMS. In considering 

real-time EIT reconstruction of neural activity, which collects data from several pairs of electrodes in 

parallel, researchers in [10] successfully reconstructed fascicle level activity with a noise level of +/- 0.5 

µV and SNR of 8.0, though with different electrode configuration to the study presented in this chapter 

which can affect susceptibility to noise [9]. Maintaining a noise level of +/- 0.5 µV in FDM-EIT is expected 

to be more challenging due to the presence of multiple carrier signals, each a noise source.  

In single frequency subjects, the unobserved impedance change with transverse current may be due 

to the low resolution in the data acquisition module, though this limitation is offset by the dithering effect 

of significant system noise, circa +/- 170 µV RMS, and ensemble averaging. The location of the 

impedance change with longitudinal current, subject 2, was consistent with that of the corresponding 



117 

CAP, Figs. 8.5a and 8.7b. The frequency components of the impedance change were comparable to 

those of the CAP, where the former was dominant between 100 to 200 Hz and limited to below 1 kHz 

and the latter dominant between 200 and 500 Hz and limited to below 1 kHz, Fig. 8.5b and 8.7c. The 

difference between these dominant frequency bands, by a factor of approximately 2, may be due to the 

biphasic-pulse shape of the CAP versus the monophasic pulse-shape of the impedance change Figs. 

8.5a and 8.7b.  

Variation in the amplitude of the impedance change across subjects for the same 4 kHz carrier signal 

frequency are caused by differences in tissue morphology of the animals, electrode positions relative 

to this morphology, and electrode impedance. Variation in the amplitude of the impedance change 

across different frequencies in the same subject cannot be compared to previous modelling in [6, 7] or 

results in [4] as the angle between drive and measurement electrodes were different for each FDM 

carrier signal.  

The selected BPF bandwidth, +/-750 Hz, is lower than that used in previous EIT studies on mammalian 

peripheral nerve, +/- 2 [226] to +/- 3 kHz [10]. This difference in bandwidth may be rationalised by 

differences in the stimulation method, via the paw in the study presented in this chapter and via the 

tibial and peroneal nerve branches in [10, 226], where, in the latter, the stimulation of all fibre diameters 

and less dispersion from a shorter propagation distance to the recording nerve cuff would both produce 

a shorter duration, higher frequency CAP and impedance change. Other considerations when selecting 

the BPF bandwidth are its inverse relationship with the temporal resolution, and proportional 

relationship with noise, in the demodulated signal.  

The BPF orders indicated by filter modelling to avoid ringing from the neighbouring signal, Fig. 8.8, of 

16th or higher and 10th or higher with 2 and 4 kHz frequency spacing respectively, were both significantly 

higher than those used in previous single frequency EIT studies on neural activity, 5th order in [1, 2, 10]. 

FMD on subjects 3 – 5 showed that filter modelling tended to overestimate the BPF order required, with 

12th order and 8th order proving sufficient for 2 and 4 kHz carrier spacing, respectively, Figs 8.9a – 8.9d. 

While the distortion introduced by higher order BPFs to the impedance change in subject 2 was 

relatively minor, Fig. 8.9g, higher frequency and larger amplitude impedance changes would generate 

more distortion, potentially producing imaging artefacts and errors when applied to EIT reconstruction. 

When the BPF was used in conjunction with the notch filter, residual ringing from the neighbouring 

signal was either removed or significantly reduced, and, due to the low BPF order, the least ringing from 

Gibbs phenomena of the orders evaluated. These results indicate that the BPF + notch filter 

implementation presented in [8] provides better performance than BPF alone due to the lower possible 

BPF orders. Notch filter settings were not examined as part of this current study, but should also be 

considered as they introduce another potential source of ringing and distortion. 
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8.5. Conclusion 

In this chapter, the frequency components were characterised for the CAP and impedance change 

which are produced with, and are specific to, paw stimulation and sciatic nerve recording in rat (see 

Appendix B: Pin Placement). Using these frequency components, a method was demonstrated for 

selecting band pass filter settings in BPFHT demodulation of impedance changes. It was found that a 

Tukey window and notch filter prior to band pass filtering improved the SNR, and that a +/-750 Hz pass 

band was suitable for the paw stimulation – sciatic nerve recording paradigm rat (see Appendix B: Pin 

Placement). While this passband and stimulus/recording paradigm would permit 12 parallel drive 

currents to be multiplexed between 2 and 20 kHz in an FDM-EIT experiment, at wider pass bands, such 

as +/-2 kHz used in [10], the number of parallel drive currents becomes significantly limited, and may 

produce only crude differentiation of fascicle level activity. A possible means to extend this frequency 

range is investigated in chapter 9.   
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9. INCREASING THE IMPEDANCE
SIGNAL AMPLITUDE USING A RLC
CIRCUIT

9.1. Introduction 

Frequency division multiplexing (FDM) of drive currents [186] is theoretically compatible with real-time 

applications, and has been demonstrated using two multiplexed drive currents in initial studies on 

epileptiform activity in rat brain [8] and fast neural activity in peripheral nerve [266]. The drawbacks of 

FDM are the lower signal to noise ratio (SNR) due to each drive current being a noise source and the 

reduced drive current amplitudes required to avoid stimulating neural tissue, and the limited number of 

drive currents which can be implemented due to the frequency response roll-off in impedance of neural 

tissue [1, 5, 6, 10].  

The origin of the frequency response roll-off in impedance is capacitive charge transfer across the 

neuron membrane or myelin sheath, depending on the neural tissue under study, and is of concern to 

EIT as it reduces the amount of resistive current passing through ion channels to which EIT is sensitive 

[267]. The different cytology of brain and nerve tissues produce different electrical impedance and 

frequency response roll-off characteristics. Brain tissue exhibits the largest transient change in 

impedance during neural activity, which we may term the ‘impedance signal’, between 1 and 2 kHz and 

minimal signal above 3 kHz [1, 5], whereas peripheral nerve tissue with a transverse current, across 

the nerve fibres, shows the largest impedance signal between 6 and 10 kHz [10], though frequencies 

above 15 kHz have not yet been characterised in experiments. The impedance signal in a peripheral 

nerve using a longitudinal current, parallel to nerve fibres, has not been characterised, though estimates 

from the frequency response roll-off of inactive tissue indicate 20 kHz may be the upper limit [6]. In all 

neural tissues, the frequency spacing between two FDM drive currents is determined by the frequency 

components of the modulated neural activity [266], with faster activity containing higher frequency 

components. When considered together, such as in an FDM EIT system, the frequency spacing 
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requirement and frequency response roll-off impose a limit on the number of drive currents, and so 

restricts the achievable spatial resolution in real-time EIT. 

In this chapter, a parallel RLC circuit is implemented across an EIT current source, and tested on a 

multi-channel nerve cuff implanted on sciatic nerve of rat in vitro, with the intent to extend the operating 

frequency range in an FDM EIT system. In a parallel Resistor-Inductor-Capacitor (RLC) circuit, at the 

frequency where the impedance of the capacitive and inductive branches are equal, the effective 

current is determined solely by the resistive branches. In the case of EIT on neural tissue, this resistive 

branch includes the resistive current through the ion channels to which EIT is sensitive. The frequency 

response roll-off of the impedance signal during evoked neural activity is characterised with longitudinal 

current to identify a target frequency range where significant capacitive charge transfer occurs. 

Estimates of the resistive and capacitive components of peripheral nerve are acquired from software 

fitting of ex-vivo impedance magnitude and phase measurements to equivalent electrical circuits. A 

RLC circuit is then designed, based on the equivalent electrical circuit and target frequency range, and 

used to increase the impedance signal during evoked neural activity in-vitro by counteracting the 

capacitive charge transfer across the myelin sheath. This novel implementation of a parallel RLC circuit 

across the drive current increases the impedance signal at high frequencies, thereby improving spatial 

resolution by increasing the number of parallel drive currents which can be implemented in an FDM EIT 

system, and aiding the long term goal of a real-time FDM EIT system by reducing the number of epochs 

in ensemble averaging.  

It should be noted that subjects 1 – 9 referred to in this chapter are not the same animals as subjects 1 

– 5 referred to in chapter 8, despite similar labelling. 

9.2. Methods 

9.2.1. Tissue preparation and handling 

Animal procedures were approved by the University of Auckland Animal Ethics Advisory Committee. A 

total of nine subjects were used in the study presented in this chapter, all Sprague Dawley rats, in the 

weight range 450 – 650 g, male, and were provided as part of routine population management. All 

subjects were used in in-vitro experiments after being euthanized using carbon dioxide followed by 

cervical dislocation. 

To access the sciatic nerve, subjects were placed in the supine position, the left hind leg was de-gloved 

of skin, and an incision was made down the posterior side of the leg. Tissue of the Gracilis muscle was 

cut away to aid implantation of the nerve cuff around the sciatic nerve. The nerve cuff was implanted 

by lifting the sciatic nerve away from the adjacent muscle tissue, using curved tip tweezers and without 

grasping the nerve to avoid causing damage, then sliding the nerve cuff under and around the nerve. 

Exposed tissue was perfused with a 0.01 M phosphate buffered solution which was oxygenated with 

Carbogen 5 gas and heated to 38 ºC. The left hind paw was fixed in place using a strap around the 
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hock to minimise movement artefacts, though previous experiments indicated that movement induced 

by paw stimulation was minimal [266].  

9.2.2. Nerve cuff 

The nerve cuff electrode array was produced by The EIT Research Group, The Department of Medical 

Physics and Biomedical Engineering, University College London, using the fabrication method 

described in [128]. The electrode array contained 2 rings of 14 stainless steel electrodes, with each 

electrode 1.1 x 0.11 mm2 in area and spaced at a 26 º pitch, and the two rings spaced 2 mm apart 

centre to centre. This centre to centre distance was extended to 4 mm (an edge to edge spacing of 

3mm) prior to assembly of the nerve cuff using method described in [266]. Electrodes were cleaned 

using 35% Hydrochloric acid, then coated with poly(3,4-ethylenedioxythiophene):p-toluene sulfonate 

(PEDOT-pTS), using the three electrode galvanostatic electrochemical deposition method described in 

[128] (Biologic Science Instruments® VSP-300), to reduce the contact impedance from 20+/-5.6 to 800

+/- 100 Ω. The nerve cuff was assembled by affixing the array using high strength silicon glue to the 

inside surface of a 1.2 x 4 x 9 mm silicon tube, and containing an opening extending the length of one 

side to facilitate implantation around the nerve [266]. The nerve cuff was soaked in PBS for one hour 

prior to being implanted.  

Three nerve cuffs were used across all experiments. Prior to each experiment, three point impedance 

magnitude measurements were acquired with a 4 µA current controlled sinusoidal signal at 6 kHz for 

each of the 28 electrodes to monitor electrode condition. Highly fouled or damaged electrodes, as 

determined by an excessive voltage magnitude, were not used in experiments. After each experiment, 

the electrode array was cleaned with isopropyl alcohol and then stored in air.  

The nerve cuff was divided into 14 pairs of electrodes, each comprising one electrode on the two 

electrode rings located at the same angular position. This configuration is termed ‘Longitudinal 0º/0º’ in 

[9], where Longitudinal indicates the current direction – parallel to nerve fibres – and the two angular 

references indicate the angular offset between drive and measurement electrode pairs, respectively, 

and was selected to optimise the signal to error ratio based on modelling in [9].  

9.2.3. Experiment apparatus 

A total of four boundary voltages, or two differential measurement pairs, were acquired. In all experiment 

results, data from the electrode pair with the highest SNR is presented. Boundary voltage 

measurements were filtered using an anti-aliasing filter, comprised of two in-series 2nd order low-pass 

filters of Sallen-Key topology, producing a 25 kHz cut-off frequency (-3 dB) and Q = 0.69. Filtered signals 

were logged in differential configuration on two data acquisition modules (National Instruments 

CompactRIO® NI9205) at 167 kS/s/ch sample rate. Sample rate was selected to be at least a factor of 

9 times that of the highest drive current frequency present.  
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Two stainless steel pins, used to administer stimulation pulses, were placed between toes 1-2 and 4-5 

of the left hind paw [266], and a third stainless steel pin, which provided a ground path for the data 

acquisition and filtering hardware via a 460 kΩ resistor, was placed through the contralateral hind paw. 

An isolated pulse stimulator (A-M Systems Model 2100) administered anode-leading, biphasic 

stimulation pulses, with 200 μs pulse width per phase and +/-5 mA amplitude, when digitally triggered 

every 0.5 s [10, 266] (National Instruments CompactRIO NI9401). Triggering and recording were 

synchronised through the LABVIEW FPGA interface, with data recorded for 50 ms windows every 500 

ms, and the stimulation pulse triggered at 25 ms through each recording window. Recorded data were 

saved directly to .txt files for signal processing after completion of experiments. 

With the exception of the experiment using the RLC circuit, EIT drive currents were generated using a 

custom PCB with 6 parallel circuits each containing a waveform generator and Howland circuit current 

controller, developed by The EIT Research Group at The Department of Medical Physics and 

Biomedical Engineering, University College London, and available for download from 

https://github.com/EIT-team. A different frequency was programmed for each of the six channels prior 

to experiments, using an Arduino Micro, to allow manual switching of drive current frequency during 

experiments.  

In RLC circuit experiments a custom current controller was produced, based on the component layout 

of the University College London EIT Research Group current controller design, using LM358A 

operational amplifiers (Texas Instruments). The input signal was provided to the current controller by a 

benchtop waveform generator (Thurley Thandar Instruments TG2000) to allow manual tuning of 

frequency. The RLC circuit was connected in parallel across the two current source outputs, with a 

double-pole-double-throw (DPDT) switch implemented to allow manual switching between connection 

and disconnection of the RLC circuit, Fig. 9.1a.  

Phase randomisation, to remove current source artefacts [3], was achieved in the custom PCB 

implemented waveform generator through an inbuilt inaccuracy of  less than 1 Hz, and in the benchtop 

waveform generator by setting the frequency output to end in 0.2 Hz.  
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9.2.4. Data processing 

In all experiments, data were recorded in 50 ms windows, termed an ‘epoch’, centred on a stimulation 

pulse, and spaced 0.5 seconds apart based on the stimulation rate. Impedance signals were extracted 

from each epoch using the method described in [266], which, in order, involves: removal of DC offset; 

application of a Tukey window with 40 % tapered section; 6th order, zero phase shift, 1.5 kHz bandwidth, 

Figure 9.1: Schematic (a) and picture (b) of the apparatus used in experiment 5, RLC circuit experiments. Out of 

shot in (b) is a computer running LABVIEW based user interface. In all other experiments the waveform generator 

was implemented on board the current controller PCB (https://github.com/EIT-team) containing six parallel 

channels with programmable output frequencies. The 28 channel electrode array (c) is mounted in a nerve cuff 

which is implanted around the sciatic nerve (d).  

(a) 

(b) (c) 

(d) 
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Band Pass Filter (BPF); Hilbert Transform; and, conversion to a percentage change in impedance 

𝑧%(𝑡) with respect to the inactive nerve state using equation 9.1:  

 

 𝑧%(𝑡) = 100
( )

        (9.1) 

 
where the boundary voltage in the inactive nerve state, 𝑉 , was calculated as the average across the 

time spanning 10 to 5 ms prior to the stimulus pulse.  

All epochs were processed with the above steps, several hundred epochs of data were grouped 

together into data sets, based on the sampling method employed, and ensemble averaged to improve 

the SNR according to standard practice in impedance signal recordings [10, 266]. An example of this 

collection and ensemble averaging methodology is shown in Fig. 9.2, using, as an example, four 

recordings of action potentials in response to a stimulation pulse. Grouping of epochs into sets, the 

‘sampling method’, varied between experiments, Fig. 9.3, and is explained in the subsequent sections.  

 

 

(b) 

Epoch 4 

Ensemble 

averaging 

Epoch 4 Epoch 3 Epoch 2 Epoch 1 

(c) Low noise signal 

Stimulation 

pulse 

Action 

potential 

Epoch 2 

Epoch 1 

Epoch 3 

Data set 

Figure 9.2: Example of ensemble averaging of data wherein four epochs, originally spaced 0.25 

seconds apart (a), are grouped into a data set (b) and then ensemble averaged together to produce a 

single signal with reduced noise (c). Horizontal and vertical bars represent 25 ms and 0.5 mV, 

respectively. 

(a) 
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9.2.5. Experiment procedures 

A total of five experiments were performed across the nine animal subjects, Fig. 9.4. In experiment 1, 

the noise after data processing and ensemble averaging was characterised with respect to the number 

of epochs within the data set. In experiment 2, temporal changes to the impedance signal were 

characterised. In experiment 3, the frequency response of the impedance signal was characterised, 

and then corrected for temporal changes in the impedance signal using results of experiment 2. The 

duration of experiment 3 was selected to provide sufficient SNR by balancing the size of data sets 

collected at each frequency, using results of experiment 1, with the temporal period which showed the 

maximum impedance signal amplitude, using results of experiment 2. Results of experiment 3 were 

used to identify frequencies considered comfortably within the frequency response roll-off zone. In 

experiment 4, impedance measurements were acquired on a sciatic nerve within a nerve cuff, and of a 

nerve cuff in PBS, and then these were used to estimate values of the capacitive and resistive 

components in equivalent electrical circuits.  

The equivalent electrical circuits and the target frequency from experiments 4 and 3, respectively, were 

used to select the capacitive and inductive components for the design of the RLC circuit. In experiment 

5, changes in the impedance signal were characterised by comparing data with RLC circuit on and RLC 

circuit off. The sampling method was selected to mitigate errors produced by temporal effects, and 

these errors were estimated, using data from experiment 2.  

(b) (c) (d) (a) 

Figure 9.3: Grouping of experimental data into sets for characterisation of system noise versus 

ensemble averaging in experiment 1 (a); characterisation of the temporal changes in the impedance 

signal in-vitro signal in experiment 2 (b); characterising the frequency response of the impedance signal 

in experiment 3 (c); and to evaluate the peak amplitude of the impedance signal with and without the 

RLC circuit in experiment 5 (d). The time lapse between neighbouring epochs is 0.5 s. 
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9.2.5.1. Experiment 1: Noise versus ensemble averaging 

Application of a repeated, time-locked stimulus allowed ensemble averaging of multiple epochs to be 

used during data processing to reduce noise and improve the SNR. The relationship between signal 

noise and the number of ensemble averaged epochs was characterised in-vitro on two animals 

(subjects 1 and 2) using a 16 µA amplitude [266], 6 kHz drive current applied for 2000 epochs. Each 

epoch was processed using the method described in section 9.2.4, then data were ensemble averaged 

in sets ranging in size from 100 to 2000 epochs in increments of 100, Fig. 9.3a. The standard deviation 

of noise was calculated for each ensemble averaged set across the time window 15 to 23 ms which, 

due to being prior to stimulus pulse at 25 ms, was expected to contain no neural activity.  

9.2.5.2. Experiment 2: Temporal changes in the impedance signal in-vitro  

With in-vitro experiments on cadavers, the tissue health is expected to deteriorate with time, following 

euthanasia of the animal, due to the lack of natural perfusion and cooling of the tissue. Therefore, 

temporal changes in the impedance signal were characterized on two animals (subjects 1 and 2) across 

2000 epochs, or 16 minutes 40 seconds, using the same raw data as that obtained for experiment 1 

(Noise versus ensemble averaging experiments, section 9.2.5.1.). Each epoch was processed using 

the method described in section 9.2.4, then separated into sets of 400 epochs (200 s), each overlapping 

the previous set by 200 epochs (100 s) Fig. 9.3b, and ensemble averaged. The temporal change in the 

impedance signal was fitted with a 2nd order polynomial, which was normalised against the maximum 

value. 

Figure 9.4: Layout of the five experiments and RLC circuit design performed as part of the study 

presented in this chapter, showing how results from each experiment informed the others. 
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9.2.5.3. Experiment 3: Frequency response of the impedance signal 

The frequency dependence of the impedance signal during neural activity with a longitudinal EIT current 

was measured on three animals (subjects 3 – 5). For each subject, a 16 µA amplitude drive current was 

applied sequentially at six frequencies between 4 and 18 kHz. Each frequency was applied for 200 

epochs, with the order of the frequencies applied randomized, Fig. 9.3c. Data were processed using 

the method described in section 9.2.4, then corrected for temporal changes using the 2nd order 

polynomial fit obtained from experiment 2, section 9.2.5.2. 

Results of the impedance signal frequency response experiments were used to select a drive current 

frequency which was comfortably within the frequency response roll-off, and so expected to contain 

significant capacitive current across the myelin sheath. The selected drive frequency range was used 

to design the RLC circuit.  

9.2.5.4. Experiment 4: Impedance measurements of peripheral nerve 

Estimates of the resistive and capacitive components in equivalent electrical circuits of peripheral nerve 

and nerve cuff electrodes were obtained to aid design of the RLC circuit. A simplified equivalent 

electrical circuit of a nerve contains a capacitor, 𝐶 , and resistor, 𝑅 , in parallel to model the nerve fibres, 

and a resistor, 𝑅 , in series to model the passive tissues [6, 7], Fig. 9.5a. The equivalent electrical circuit 

of an electrode in solution or in contact with biological tissue, and at frequencies where contributions 

from the Warburg impedance due to ion diffusion is negligible, contains a capacitor, 𝐶 , and resistor, 

𝑅 , in parallel [268], Fig. 9.5b. To avoid contributions from the Warburg impedance, only frequencies 

greater than 2 kHz were used in fitting the electrical circuits to impedance data.   

At the conclusion of one in-vitro experiment, the nerve, still within the nerve cuff, was explanted and 

transferred to PBS solution. Impedance measurements were acquired with a bench-top impedance 

analyser (Biologic Science Instruments® VSP-300) between the current injection electrode pair, across 

the frequency range 5 Hz to 50 kHz, first with the nerve in the nerve cuff and in solution, and then with 

the only nerve cuff in the PBS solution. Impedance data from the latter was subtracted from the former 

to produce an estimate of the impedance of the nerve. The estimate of the impedance of the nerve 

alone, and the impedance data of the nerve in nerve cuff, were fitted to equivalent electrical circuits, 

Fig. 9.5a and 9.5b respectively, using software (Biologic Science Instruments® EC-Lab V11.25). In this 

software, the user defines the circuit and components and the software generates values for each 

component.  
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9.2.5.5. RLC circuit design  

To achieve maximum sensitivity to a change in tissue resistance during neural activity, the resistive 

component, 𝑅, in the RLC circuit should predominantly be the resistive element of the neural tissue. 

Therefore, no additional resistors were added during RLC circuit design. The remaining two 

components, the capacitive, 𝐶, and inductive, 𝐿, components, were selected to produce the desired 

resonant frequency, 𝑓 , using equation 9.2 and the target frequency range identified in experiment 3 

(Frequency response of the impedance signal, section 9.2.5.3): 

𝑓 =  
√

         (9.2) 

The bandwidth of RLC circuit response was limited to values above 1 kHz to allow a frequency sweep 

to be performed in 100 Hz increments during RLC experiments. A higher Quality Factor, equation 9.3, 

produces a narrower bandwidth, 𝐵𝑊, of the pass band; where the bandwidth is defined as the difference 

between the upper and lower frequencies at the -3 dB amplitude reduction from the amplitude at the 

resonant frequency, and can be calculated from 𝑓  and 𝑄, equation 9.4: 

𝑄 = 𝑅          (9.3) 

𝐵𝑊 =           (9.4) 

The capacitive component, 𝐶, was assumed to contain contributions from the neural tissue capacitance, 

𝐶 , electrode capacitance, 𝐶 , and any physical capacitive component added to the RLC circuit, 𝐶 ; 

whereas the inductive component, 𝐿, was assumed to contain only a contribution from the physical 

inductive component added to the RLC circuit, 𝐿 . Values of the inductance, 𝐿 , and capacitance, 𝐶 , 

components were selected by modelling circuits (Mathworks® MATLAB 2018b, LTSpiceIV 4.23b), Fig. 

(a) (b) 

Figure 9.5: Equivalent electrical circuit for peripheral nerve (a) and peripheral nerve in a nerve cuff (b), showing 

a capacitor, Cf, and resistor, Rf, in parallel to model the nerve fibres, a resistor, Rp, to model the passive nerve 

tissues, and a capacitor, Ce, and resistor, Re, in parallel to model the electrode at frequencies with negligible 

Warburg impedance. 
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9.6, using the component values identified from impedance measurements in experiment 4 (Impedance 

measurements of peripheral nerve, section 9.2.5.4).  

Three RLC circuits with different bandwidths were designed and built. In each RLC circuit the physical 

capacitive component, 𝐶 ,  was implemented as six capacitors in parallel, with values of approximately 

65, 30, 15, 15, 5, and 3 % of the target capacitance to allow manual tuning within the range +33/-100 

% using jumpers in the event of the neural tissue capacitance varying between subjects. Inductor values 

were fixed in each RLC circuit, and selected based on commonly available component values 

(Digikey®).   

The impedance signal frequency response of the equivalent electrical circuits of the nerve in nerve cuff, 

Fig. 9.5b, and RLC circuit, Fig. 9.6, were modelled (LTSpiceIV 4.23b) across the frequency range 1 to 

100 kHz. The inactive nerve condition, 𝑉 , used the fibre resistance value, 𝑅 , obtained from impedance 

measurements, section 9.2.5.4, whereas for the active nerve condition, 𝑉 , the fibre resistance value 

was reduced by 0.1 % [266]. The impedance signal was then calculated as 𝑧% =  100(𝑉 − 𝑉 ) 𝑉⁄  to 

provide an estimates of the expected change in impedance signal when using the designed RLC 

circuits.  

 

 

9.2.5.6. Experiment 5: Impedance signal changes with RLC circuit  

 Impedance signal changes with the RLC circuit were characterised on four animals (subjects 6 – 9). 

After the nerve cuff was implanted, drive current frequencies were swept manually from 10 to 30 kHz 

with 100 Hz resolution and the peak impedance recorded. The capacitance of the RLC circuit was then 

adjusted upwards or downwards accordingly, using the manual jumpers, and drive current frequencies 

swept again until the capacitance settings produced a resonant frequency to within +/-1 kHz of the 

target frequency. The circuit tuning process took less than 1 minute. An analytical demonstration of the 

tuning process for the RLC circuit is provided in the next section. Once the circuit settings were 

Figure 9.6: RLC circuit, with current source, I, containing the peripheral nerve in a nerve cuff from Fig 5b, as 

well as the inductance, Lc, and capacitance, Cc, components used to tune the RLC circuit in experiment 5. 
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identified, data were collected with and without the RLC circuit connected to the drive current source, 

alternating in sets of 100 epochs each for a total of 2000 epochs, Fig. 9.3d. Switching between 

conditions with and without the RLC circuit was achieved by manually toggling the DPDT switch 

connecting the RLC circuit to the current controller, Fig. 9.1. 

The error produced from this sampling method, of compiling two data sets by switching every 100 

epochs, was estimated by applying the sampling method to the data sets from subjects 1 and 2 in 

experiment 2 (Temporal changes in the impedance signal in-vitro, section 9.2.5.2) and comparing the 

resultant impedance signals. Furthermore, half of subjects commenced with the RLC circuit on, and the 

other half with the RLC circuit off to mitigate errors from the sampling method. 

9.2.5.7. Analytical demonstration of RLC tuning 

The total impedance of the first branch of the RLC circuit, 𝑍𝑎1, which contains the nerve and electrode 

components, can be described using the individual components:  

 𝑍𝑎1 =  
𝑅𝑛

𝑗𝜔𝑅𝑛𝐶𝑛+1
+ 𝑅𝑝 +

𝑅𝑒

𝑗𝜔𝑅𝑒𝐶𝑒+1
       (9.5) 

where 𝜔 is the angular frequency, and 𝑗 is the imaginary unit. For simplicity in analysis, we may describe 

𝑍𝑎1 using an equivalent parallel RC circuit which contains only one resistor and one capacitor:  

𝑍𝑎1 =
𝑅𝑒𝑞

𝑗𝜔𝑅𝑒𝑞𝐶𝑒𝑞+1
         (9.6) 

where 𝑅𝑒𝑞 and 𝐶𝑒𝑞 are component values in the equivalent RC circuit, and are functions of 𝑅𝑛, 𝐶𝑛, 𝑅 , 

𝑅𝑒, 𝐶𝑒 and 𝜔. The admittance of the first branch 𝑌𝑎1 =  1 𝑍𝑎1⁄  is, therefore: 

𝑌𝑎1 =
1

𝑅𝑒𝑞 
+ 𝑗𝜔𝐶𝑒𝑞        (9.7) 

The admittance of the total RLC circuit, 𝑌𝑟𝑙𝑐, is the sum of the admittance of the three branches: 

𝑌𝑟𝑙𝑐 = 𝑌𝑎1 + 𝑌𝑎2 + 𝑌𝑎3        (9.8a) 

𝑌𝑟𝑙𝑐 =
1

𝑅𝑒𝑞 
+ 𝑗𝜔𝐶𝑒𝑞 + 𝑗𝜔𝐶𝑐 +

1

𝑗𝜔𝐿𝑐 
       (9.8b) 

where 𝑌𝑎2 = 𝑗𝜔𝐶  and 𝑌𝑎3 =  
1

𝑗𝜔𝐿𝑐 
. Resonance in the RLC circuit occurs when the imaginary parts in 

equation 9.8b cancel each other out: 

𝑗𝜔 𝐶 + 𝑗𝜔 𝐶 =
 
        (9.9) 

where 𝜔𝑟 is the resonant angular frequency. Rearranging equation 9.9 in terms of 𝜔𝑟 yields: 

𝜔𝑟 =
1

𝐿𝑐 𝐶𝑒𝑞+𝐶𝑐

         (9.10) 
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In the experiments with the RLC circuit, experiment 5, 𝐿𝑐 and 𝐶𝑐 are set with initial values of 22 mH and 

3.45 nF, respectively, whereas 𝐶𝑒𝑞 is an uncontrolled variable which can change in value between 

subjects due to electrode fouling and tissue variability. The incremental tuning of 𝐶𝑐 within the range 

+33/-100% using jumpers, therefore, made it possible to tune the system resonant frequency to attain 

a value within the target range of 𝑓
𝑟
 = 17 +/- 1 kHz, where 𝜔𝑟 = 2𝜋𝑓

𝑟
. 

9.3. Results  

9.3.1. Experiment 1: Noise versus ensemble averaging 

The noise in boundary voltage signals reduced with increasing number of ensemble averaged epochs, 

following an approximately linear relationship when plotted on log-log scale, Fig. 9.7. The largest 

increase in SNR was, therefore, generated by ensemble averaging of the first few epochs, with a 

decreasing effect as more epochs were added to an ensemble averaged set. A typical impedance signal 

amplitude of 0.02 to 0.08 % and boundary voltage amplitudes of approximately +/- 150 mV, from a 

study with the same nerve cuff and electrode configuration [266], would produce a transient change in 

boundary voltage with 30 to 120 µV peak amplitude. Using peak to peak noise values, a target SNR of 

3 would require at least 2000 and 150 epochs, respectively, for 30 and 120 µV amplitude signals.  

The selection of 200 and 400 epochs per set for frequency response and temporal changes 

experiments, respectively, are expected to produce SNR > 3 for large impedance signals but SNR < 3 

for smaller impedance signals. The reduced boundary voltage amplitude observed at higher 

frequencies in [6] may render even a set size of 1000 epochs, used in RLC experiment, incapable of 

producing an SNR > 3.  

Figure 9.7: The system noise on the boundary voltage measurements reduces with an increasing number 

ensemble averaged epochs, following an approximately linear relationship when plotted on a log-log scale. 
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9.3.2. Experiment 2: Temporal changes in the impedance signal in-vitro 

In subject 1, Fig. 9.8a, the peak amplitude of the impedance signal increased from -0.071 to -0.081 % 

between the first and third sets (100 and 300 s) and then decreased thereafter to a minimum of -0.046 

%, a relative decrease of 43 %, Fig. 9.8c. In subject 2, Fig. 9.8b, the impedance signal showed a small 

increase from 0.091 to 0.093 % between the first and second sets (100 and 200 s) and then decreased 

through the course of the experiment to a minimum of 0.052 % at 900 seconds, a relative decrease of 

44 %, Fig. 9.8c. With the exception of the first data point, at 100 s from experiment start, the temporal 

change in impedance signal amplitude across subjects 1 and 2 showed reasonable agreement. A 

second order polynomial fitted to both data sets, equation 9.11: 

𝑧% =  −7.12 × 10  𝑡 + 2.91 × 10 𝑡 +  0.0809      (9.11) 

where 𝑧% is the impedance signal amplitude and 𝑡 the time lapsed since start of the experiment, showed 

minimal change in impedance signal amplitude from 100 to 400 s, and then an increasing rate of decline 

between 400 and 900 s, Fig. 9.8c. 

In subjects 1 and 2, the delay between the start of the stimulus and the peak amplitude of the impedance 

signal increased linearly with time since the experiment start, Fig. 9.8d, although at different rates. The 

total increase in delay observed across the course of subjects 1 and 2 was 28 and 50 %, respectively.  
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9.3.3. Experiment 3: Frequency response of the impedance signal 

Impedance signal amplitudes from subject 3 were consistently higher than those in subjects 4 and 5.. 

After correction for temporal changes, the frequency response of all three subjects showed an increase 

in the peak amplitude of the impedance signal between 4 and 6 kHz, and decrease between 8 and 18 

kHz, Fig. 9.9. At 16 and 18 kHz, SNRs < 3 were observed, however, good agreement between the 

three subjects at these frequencies provided good confidence in the values despite the low SNR. The 

trend in impedance signal against frequency in all three subjects showed good agreement with one 

another across the entire 4 – 18 kHz frequency range.  

(a) (b) 

(c) (d) 

Figure 9.8: Temporal changes in impedance signals. Impedance signals extracted from subjects 1 (a) and 2 (b) for 

each of the nine sets of epochs which are spaced in 100 second increments from the start of the experiment. The 

peak amplitude of the impedance signal, and the delay between the stimulus pulse at 25 ms and the peak of the 

impedances signal, are both analysed against the time since the experiment started in (c) and (d), respectively, and 

show clear changes as time progresses from 100 to 900 seconds. 
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A target frequency range of 17 +/- 1 kHz was selected for the RLC circuit experiment as this range was 

considered comfortably within the impedance frequency response roll-off, indicating significant current 

crossing the myelin sheath through capacitive charge transfer.  

 

9.3.4. Experiment 4: Impedance measurements of peripheral nerve 

Nyquist impedance plots of the nerve cuff in PBS and of the nerve in nerve cuff both exhibited local 

minima at approximately 100 Hz and increasing real and imaginary parts at frequencies < 100 Hz, with 

the latter characteristic of contributions from the Warburg impedance due to ion diffusion, Fig. 9.10. The 

frequency range of 2 to 50 kHz was considered sufficiently far from this minima to render these 

contributions negligible. Fitting of the equivalent electrical circuit, Fig. 9.5b, to impedance data from the 

nerve in nerve cuff produced a fit accuracy with 𝜒 |𝑍|⁄ =  5.413 × 10  for the following component 

values: nerve fibre capacitance 𝐶 = 0.75 𝑛𝐹, and resistance 𝑅 = 8.7 𝑘𝛺; passive nerve tissue 

resistance 𝑅 = 1.8 𝑘𝛺; electrode capacitance 𝐶 = 80 𝑛𝐹, and resistance 𝑅 = 0.86 𝑘𝛺. The total 

resistance in the RLC circuit, 𝑅, was, therefore, 𝑅 +  𝑅 +  𝑅 =  11.26 𝑘𝛺. Fitting of equivalent 

electrical circuits, Fig. 9.5a, to impedance data from the nerve estimate, obtained by subtracting the 

nerve  cuff in PBS impedance data from the nerve in nerve cuff impedance data, produced a fit accuracy 

of 𝜒 |𝑍|⁄ =  7.065 × 10  for the following values: nerve fibre capacitance 𝐶 = 0.8 𝑛𝐹, and resistance 

𝑅 = 7.9 𝑘𝛺; passive nerve tissue resistance 𝑅 = 1.7 𝑘𝛺, Table 9.1. The low 𝜒 |𝑍|⁄  values for both 

circuits indicate good agreement between the data and equivalent electrical circuits.  

Figure 9.9: The frequency response of the impedance signal amplitude after correction for temporal change effects 

using the polynomial fit, equation 9.11. Error bars are the peak to peak noise level in the measurement and so indicate 

the measurement uncertainty. There is good agreement between all three experiments, and clear frequency response 

roll-off between 8 and 18 kHz. 
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9.3.5. RLC circuit  

9.3.5.1. RLC circuit design 

Modelling of RLC circuits, using equations 9.2 – 9.4 with nerve and electrode values listed in Table 9.1, 

generated a range of suitable inductance and capacitance values for the RLC circuit to achieve the 17 

kHz target resonant frequency, Fig. 9.11a. Limiting values to those which produce a bandwidth greater 

than 1 kHz limited inductance values to 6 mH or greater, Fig. 9.11a. Three inductances, 𝐿 : 13, 22, and 

44 mH, selected based on commonly available component values (Digikey®), generated corresponding 

capacitance values, 𝐶 , of 6.25, 3.45, and 1.45 nF, respectively. The resulting theoretical bandwidth of 

these three component combinations were 2.2, 3.6, and 7 kHz.  

The modelled frequency response of the impedance signal in the nerve and nerve cuff circuit, Fig. 9.5b, 

across the frequency 1 to 100 kHz, and with parameter values in Table 9.1, showed a local maximum 

of -0.08 % at 4 kHz, with a slight decrease between 4 – 2 kHz and a significant decrease, due to the 

frequency response roll-off, between 4 and 100 kHz. At 17 kHz, the impedance signal in the nerve and 

nerve cuff circuit was -0.066 %, whereas in all three RLC circuits it was -0.077 %; a relative improvement 

of 17 %, Fig. 9.11b. The impedance signal with the RLC circuits was less than that of the maximum in 

the nerve and nerve cuff circuit, of -0.08 % at 4 kHz, due to the passive nerve tissue resistance, 𝑅 , 

and electrode resistance, 𝑅 . With these two component values set nominally low, to 1 Ω, the 

Data 
ignored 

 

Figure 9.10: Nyquist impedance plots for the nerve cuff in PBS, and the nerve in nerve cuff, as well as the estimate 

of the Nyquist impedance of the nerve which was calculated from the latter minus the former. The curves fitted to the 

nerve in nerve cuff data and to the nerve estimate impedance, and used to generate component values for the 

equivalent electrical circuits in Fig 5a and b, shows 
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impedance signal in the RLC circuit was equal to the maximum value in the nerve and nerve cuff circuit, 

and constant at all frequencies.  

 

Table 9.1: Parameter description and values used in modelling 

Description  Parameter Value 

Nerve tissue  

Nerve fibre capacitance 𝐶  0.75  - 0.8 nF 

Nerve fibre resistance 𝑅  7.9 - 8.7 kΩ 

Passive nerve tissue resistance 𝑅  1.7 - 1.8 kΩ 

Nerve cuff electrodes 

Electrode capacitance 𝐶  80 nF 

Electrode resistance 𝑅  0.8 kΩ 

RLC circuit configuration 1 (𝑩𝑾 = 2.2 kHz) 

Capacitance component 𝐶  6.25 nF 

Inductance component 𝐿  13 mH 

RLC circuit configuration 2 (𝑩𝑾 = 3.6 kHz) 

Capacitance component 𝐶  3.45 nF 

Inductance component 𝐿  22 mH 

RLC circuit configuration 3 (𝑩𝑾 = 7 kHz) 

Capacitance component 𝐶  1.45 nF 

Inductance component 𝐿  44 mH 

(a) 

Figure 9.11: Log-log plot showing the relationship between the RLC capacitance component, Cc, RLC 

inductance component, Lc, and bandwidth (a) for the circuit shown in Fig 6 and values in Table 9.1 producing 

a 17 kHz resonant frequency. Only Bandwidths greater than 1 kHz were considered. The frequency response 

(b) of the impedance signal generated from a 0.1 % change in the nerve fibre resistance in equivalent electrical 

circuits of the nerve and nerve cuff circuit and the three RLC circuits with values shown in Table 9.1. 

(b) 
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9.3.5.2. Estimate of error from sampling methodology 

Application of the sampling method implemented in experiment 5 (Impedance signal changes with RLC 

circuit, section 9.2.5.6), Fig. 9.3d, to data from subjects 1 and 2 produced impedance signal amplitudes 

of -0.30 and -0.33 %, and -0.55 and -0.66 %, in sets 1 and 2, respectively; a relative increase of 10 and 

20 % in set 2 in subjects 1 and 2, respectively, Fig. 9.12. Peak to peak noise in both experiments was 

+/- 0.005 %.  

 

 

9.3.6. Experiment 5: Impedance signal changes with RLC circuit 

The RLC circuit with the largest bandwidth, configuration 3 (𝐿 = 44 mH and 𝐶 = 1.45 nF), provided the 

highest tolerance when manually tuning the frequency of the drive current using the benchtop waveform 

generator due to the broadness of the peak in its frequency response. However, the relatively low 

capacitance of the RLC capacitance component, 𝐶 , meant the resonant frequency was highly 

susceptible to variations in the nerve capacitance. Conversely, in configuration 1 (𝐿 = 13 mH and 𝐶 =

6.25 nF) the relatively narrow peak and high capacitance, respectively, provided the lowest tolerance 

when manually tuning the frequency of the drive current and lowest susceptibility to variation in the 

nerve capacitance. Configuration 2 (𝐿 = 22 mH and 𝐶 = 3.45 nF) provided a balance between tuning 

tolerance and susceptibility to variation in nerve capacitance, and, therefore, was used in the RLC 

experiment.  

In subjects 6 – 9 the manual jumper settings which set the RLC capacitance component, 𝐶 , were 4.14, 

4.1, 4.14, and 4.1 nF, respectively. In subjects 6 – 9, the RLC experiment was conducted at 16.9002, 

17.1002, 17.3002, and 17.3002 kHz, respectively, after manual tuning of the waveform generator to 

find the resonant peak. In subjects 6 and 7 the RLC circuit was on for RLC set 2, while in subjects 8 

and 9 the RLC circuit was on for RLC set 1, Fig. 9.3d. The impedance signal amplitude peak (+/-3σ 

noise) with the RLC circuit off and on, respectively, were -0.034 and -0.049 % (+/-0.007 %), -0.016 and 

Figure 9.12: Averaging method employed in RLC circuit experiments, Fig 9.3d, where two sets of 1000 epochs 

each are inter-spliced at 100 epoch increments, applied to data from experiment 1, subjects 1 (a) and 2 (b). 
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-0.021 % (+/-0.004 %), -0.051 and -0.070  %  (+/-0.006 %), and -0.033 and -0.039 % (+/-0.005 %), Figs. 

9.13a – 9.13e. The impedance signal peak amplitude was, therefore, consistently larger with the RLC 

on, with improvement in the peak amplitude (+/-3σ noise), with respect to the RLC off condition, of 44 

% (+/-15 %), 34 % (+/-30 %), 37 % (+/-8.6 %), and 16 % (+/-19 %), Table 9.2.  

Statistical analysis of the impedance signal amplitude values using a ratio t test, which is a paired t test 

performed on the logarithm of raw data, produced a statistically significant p value of 0.0358 at the root 

mean square (or 1σ) noise values. The mean (and 95 % confidence intervals) for the improvement 

using the RLC circuit were 32 (18, 50) %. A ratio t test considers that the difference in impedance signal 

amplitude between RLC circuit off and on is both subject specific and proportional to the RLC circuit off 

value.  

 

 

 

 

 

Figure 9.13: Impedance signal and stimulation artefact in subject 8 (a), with a dashed box showing the 23 to 35 

ms and -0.08 to +0.04 % range in (b - e). Impedance signals in subjects 6 – 9 (b - e), showing differences with 

RLC on and RLC off across the drive current source, where the vertical and horizontal black bars are 0.02 % 

change in impedance and 2 ms in time, respectively. The RLC circuit was on in RLC set 2 in subjects 6 and 7, (b, 

c), and in RLC set 1 in subjects 8 and 9 (d, e). An increase in impedance signal amplitude is visible in all 

experiments. 

(a) (b) (c) 

Stimulation 
artefact 

Impedance 
signal 

(d) (e) 
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9.4. Discussion 

In experiment 1, the 6σ system noise before averaging, of 1 mV (170 µV 1σ), is considerable in 

comparison to the size of the impedance signal amplitude, of 5 to 100 µV. Ensemble averaging of 

several hundred epochs was an effective means to generating adequate SNR for this investigation, Fig. 

9.7, but the use of lower noise hardware to increase the SNR would improve confidence in the results. 

Lower noise systems, such as that used in [266], required ensemble averaging of 840 epochs to 

produce an SNR of 8, which is adequate for EIT reconstruction of neural activity in peripheral nerve 

[266]. 

 In experiment 2, temporal changes to the impedance signal amplitude and delay between stimulation 

and impedance signal, observed in subjects 1 – 2, were significant, Figs. 9.8c and 9.8d. The reasons 

for the amplitude and delay effects are thought to be the lack of natural perfusion and cooling of the 

tissue. For the latter, modelling in [167] indicates that reducing the temperature reduces action potential 

propagation velocity in unmyelinated fibres, which might also extend to myelinated fibres. Good 

agreement between results of the temporal change experiments provided confidence in the polynomial 

fit, equation 9.11, and its subsequent use to correct frequency response data in experiment 3. The 

duration of the frequency response experiment was limited in length to 1200 epochs, or 600 s, to avoid 

the largest impedance signal reduction observed between 600 and 900 s, and so offset the reduced 

SNR which was expected from ensemble averaging of only 200 epochs at each frequency. The delay 

between stimulation and impedance signal elongates and reduces the amplitude of the impedance 

signal during ensemble averaging and, thereby, reduces the frequency components of the extracted 

impedance signal. This reduction in frequency components was not evaluated in the study presented 

in this chapter, with band pass filter bandwidth of 1500 Hz [266] used across all experiments during 

signal processing.  

In experiment 3, the frequency response of subjects 3 – 5 showed good agreement, Fig. 9.9, with an 

increase in impedance signal in the frequency range 6 – 8 kHz, and decline from 8 – 18 kHz. Modelling 

of myelinated fibres in [267]produced an increase in impedance signal between 6 – 8 kHz and decline 

either side of this range when using phase-antiphase subtraction to extract the impedance signal [119], 

Experiment 
Impedance signal (%) Relative improvement 

+/- 3σ noise (%) RLC off RLC on +/- 3σ noise 

6 -0.034 -0.049* +/- 0.007 44 +/- 15 

7 -0.016 -0.021* +/-0.004 33 +/- 30 

8 -0.051* -0.070 +/-0.006 37 +/- 8.6 

9 -0.033* -0.039 +/-0.005 16 +/- 19 

Table 9.2: Summary of impedance signal amplitude results of experiment 5 using the RLC circuit. Data 

collected in RLC set 2 (*) is expected to exhibit a 10 to 20 % increase due to the sampling method. 
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and a local maximum at 12 kHz when using the band-pass filter plus Hilbert transform method employed 

in the study presented in this chapter. The frequency response of peripheral nerve in-vivo under a 

transverse current in [10] showed an increase in impedance signal between 6 – 10 kHz. The similar 

frequency response roll off in both transverse and longitudinal drive currents indicates the phsyiological 

basis is independent of the drive current orientation, an observation also made in [160] on dorsal column 

of cat. The significant decrease in signal amplitude in the frequency range 17 +/- 1 kHz was considered 

a good candidate for RLC experiments due to the expected presence of significant capacitive charge 

transfer across the myelin sheath. Frequency response experiments on brain tissue [1, 5] showed the 

impedance signal peaks and then declines before plateuing at approximately 7 to 20 % of its peak 

value, even at frequencies a factor of 6 higher than that of the peak impedance signal. This plateuing 

indicates that frequencies significantly above 18 kHz may also be good candidates for RLC experiments 

in peripheral nerve.  

In experiment 4, for a 0.6 mm radius by 3 mm length nerve - based on the nerve cuff radius and 

electrode spacing, respectively - the estimated nerve capacitance, of 0.75 to 0.8 nF, corresponds to a 

specific capacitance of 2 to 2.12 µF/m, whereas estimated nerve resistance, of 7.9 to 8.7 kΩ, 

correspdonds to a specific resistance of 2.98 to 3.28 Ω.m. The specific capacitance is a factor of 

approximately 5 lower than that derived from modelling in [7], whereas the specific resistance shows 

good agreement. The frequency response roll off of the nerve in nerve cuff predicted in modelling, at 

frequencies above 4 kHz, Fig. 9.11b, generally agreed with frequency response data in experiment 3 

for subjects 3 – 5, with a roll-off at frequencies above 6 kHz, Fig. 9.9. However, the steepness of the 

frequency response roll-off in modelling, with -6 dB reduction in impedance signal at 40 kHz, did not 

agree with data from experiment 3, subjects 3 – 5, where the -6 dB reduction was located at 

approximately 14 kHz. This disagreement suggests either degredation in tissue health between 

explantation and measurement has affected the values, or the simplified electrical model of nerve 

tissue, Fig. 9.5a, does not accurately model impedance changes in neural tissue during neural activity, 

or a combination of both. 

In experiment 5, the range of impedance signal amplitudes across subjects 6 – 9 with the RLC off, of -

0.014 to -0.051 %, Fig. 9.13, are broadly in agreement with those obtained in frequency response 

experiment 3, of -0.014 to -0.030, Fig. 9.9. The variation in impedance signal amplitudes between 

subjects is due to differences in the tissue morphology and, as a result, differences in the proximity of 

the recording electrodes to underlying neural activity, and is consistent with results in [266]. The large 

and consistent relative improvements in the impedance signal amplitude across subjects 6 – 9 in the 

RLC experiment, of 44, 33, 37, and 16 %, Table 9.2, provide confidence in the RLC circuit design and 

implementation despite relatively high levels of uncertainty introduced by the noise (+/- 15, 30, 8.6, and 

19 %, respectively) and sampling method (10 – 20 % increase in set 2). In addition to uncertainties from 

noise and sampling  method, a further reason for the broad range of values observed in the relative 

improvement, of 16 to 44 %, is the frequency tuning resolution of 100 Hz and accuracy of visually 

identifying the peak, with the latter estimated at  300 Hz. Application of this +/- 350 Hz range to the 

modelled frequency response of RLC circuit configuration 2, Fig. 9.11b, produces a reduction in the 
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relative improvement in the range 1 to 4 %. The flatter peak of RLC circuit configuration 3 would mitigate 

this tuning error. The relative improvements in impedance signal amplitude in experiments were 

predominantly higher than the 17 % predicted in modelling, Fig. 9.11b, which may be explained by the 

poor ability of the simplified electrical model of nerve tissue in modelling impedance change in neural 

tissue.  

At 17 kHz, the polynomial fit to the frequency response in experiment 3 indicated an approximately -8.5 

dB reduction in impedance signal amplitude from the maximum at 6 – 8 kHz. The relative improvements 

in impedance signal amplitude produced using the RLC circuit only partially ameliorates this reduction. 

Repetition of the RLC component selection process, Fig. 9.11a and 9.11b, for bandwidths of 3.6 kHz 

and resonant ferquencies 30 kHz (𝐿 = 7 mH and 𝐶 = 3.5 nF) and 50 kHz (𝐿 = 2.5 mH and 𝐶 =

3.5 nF), Fig. 9.14, reinforces the observation that the maximum impedance signal is not obtainable using 

the RLC circuit. This limitation is due to the presence of the passive nerve resistance, 𝑅 , which is 

unaffected at all frequencies regardless of capacitive charge transfer, and the electrode resistive 

element, 𝑅 , which is in parallel with a compararatively high capacitance and so dominated by 

capacitive charge transfer at lower frequencies. In reality, the series resitive element 𝑅  contains 

contribution from all series resistances in the current source path, not just the passive resistance of the 

neural tissue. Despite this partial amelioration in the recoverable impedance signal, a relative 

improvement to the impedance signal amplitude in the range 16 to 44 % provides a meaningful increase 

to the SNR, resulting in an extension to the range of frequencies which can be implemented in a FDM 

EIT system, and reducing the number epochs required to achieve an adequate SNR for EIT imaging.  

 

While the RLC circuit configuration presented here is a novel means of ameliorating capacitive charge 

transfer across the myelin sheath, studies using charge balanced sinusoidal signals for excitation of 

Figure 9.14: The frequency response of the impedance signal generated from a 0.1 % change in the nerve fibre 

resistance in equivalent electrical circuits of the nerve and nerve cuff circuit and the RLC circuits with bandwidths 

of approximately 3.6 kHz and resonant frequencies 17, 30 and 50 kHz. The peak impedance signal at 6 – 8 kHz 

not fully ameliorated by the RLC circuits. 
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neural tissue produced strength-threshold curves which, approximately, show an inverse relationship 

to the frequency response roll-off in neural tissue [269]. This inverse relationship indicates that 

capacitive charge transfer across myelin or neuron membranes does not contribute significantly to 

excitation of neural tissue, and, consequently, the EIT drive current amplitude may be increased at 

higher frequencies to improve the SNR without risking excitation of the tissue under study. However, 

achieving higher SNR by increasing drive current amplitude, particularly with multiple concurrently 

active drive currents as in FDM EIT, must be carefully considered as an option as it increases the overall 

current density in passive tissues and satellite cells, and increases tissue heating near the drive 

electrodes.  

Two final observations from modelling of the RLC circuit are, firstly, the consistent phase response with 

RLC circuits, of 180º at the resonant peak frequency, due to the mutual cancellation of the inductive 

and capacitive elements. In phase division multiplexing (PDM), the phase contribution of each element 

in the system must be characterised and included in the signal processing arithmetic [187]. Therefore, 

control of the phase across the drive electrodes and neural tissue, by using the RLC implementation 

presented here, would be of benefit; though with the caveat that phase contributions from the 

measurement electrodes must still be contended with. Secondly, the frequency response of the RLC 

circuit acts as a bandpass filter around the drive current frequency, thereby removing much of the 

wideband noise which would otherwise be present in the neural activity, typically extracted from 

peripheral nerve data using a 1 to 2 kHz (-3 dB) low pass filter [10, 266], and in the band pass filter 

range of other drive currents in an FDM EIT system [266].  

9.4.1. Limitations  

The study presented in this chapter is intended to act as a proof of concept of a parallel RLC circuit 

implemented across an EIT current source, and description of the design process. As such, RLC circuit 

design and experiments were limited to a single frequency. Further investigation to determine the 

relative improvement provided by the RLC circuit across a frequency range, interactions between the 

neural tissue and RLC circuit, and implementation of RLC circuit design process across more realistic 

neural tissue models, would all further understanding of this novel design.  

The results are currently limited to in vitro tissue, and are encumbered by the error introduced by 

temporal changes in the impedance signal in in vitro tissue, Fig. 9.12. A further, unquantified error could 

manifest from temporal changes in tissue baseline impedance in vitro, which would require continual 

tuning of the RLC circuit components to accommodate. Repetition of experiments 2, 4 and 5 with an in 

vivo study would provide further insight into both error sources.   

Finally, it is also noted that the manual tuning process to find the resonant frequency during RLC 

experiments could be improved. In this chapter, each time after setting the RLC capacitor component 

value using jumpers, the frequency output of the waveform generator was manually swept in 100 Hz 

increments and the resonant frequency visually identified by observing the corresponding maximum 

amplitude in the boundary voltage measurement. In contrast, hardware capable of sweeping a 
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frequency range with high frequency resolution and automatically locating the local maximum would 

more accurately identify the resonant frequency and optimize performance. 

9.5. Conclusion 

In this chapter, the frequency response of peripheral nerve was characterised under a longitudinal 

current in the frequency range 4 – 18 kHz, with data corrected for temporal changes in the impedance 

signal during in-vitro experiments on sciatic nerve of rat. A novel current source implementation was 

developed and tested which implements a parallel RLC circuit across the nerve and nerve cuff by 

introducing capacitance and inductance components. The RLC circuit implementation produces a 

relative improvement in the impedance signal, observed during neural activity, of 16 to 44 % by 

ameliorating the effects of capacitive charge transfer within the neural tissue. A ratio t test of the 

impedance signal amplitude values showed a statistically significant p value of 0.0358 at the root mean 

square noise values. The improved signal amplitude extends the upper limit of the operating frequency 

range, and reduces the need for ensemble averaging. Furthermore, the RLC circuit bandpass filters the 

drive currents and so reduce noise. Both of these advantages improve SNR, which is essential for the 

eventual realization of real-time EIT in a neural prosthetics control interface 
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10. DISCUSSION AND CONCLUSION 

 

 

 

10.1. Discussion 

In this thesis, a FE model was developed using morphometric information obtained from OCT imaging, 

presented in chapter 4, and tissue impedance values obtained from nerve fibre modelling, presented in 

chapter 5. The FE model was used to generate data for the forward and inverse EIT problems to 

evaluate feasibility of the EIT in nerve cuff, and, in chapter 6, to determine the drive and measurement 

electrode pattern to use in later animal experiments. The first two in vitro animal experiments, chapters 

7 and 8, investigated the feasibility of FDM by characterising frequency spacing between parallel drive 

currents and the steps for demodulation of impedance signals. The third and final in vitro animal 

experiment, chapter 9, investigated a means of boosting the signal to noise ratio using a novel 

modification to the current source. Below, Table 2.1 has been updated to include the work from these 

chapters and highlight the contributions of this thesis to the field of neural EIT, Table 10.1.  

The OCT nerve imaging results in chapter 4 showed signal processing techniques could identify the 

boundary between perineurium and intra-fascicle tissues with reasonable accuracy. However, the 

imaging depth of 200 µm, relative to the 1.2 mm diameter sciatic nerve of rat, meant the size and shape 

of fascicles could not be resolved.  Furthermore, while signal processing techniques could identify 

differences in fibre diameter distribution, they could not accurately estimate the distribution mean or 

variance. Modelling in chapter 5 predicted the fibre diameter has a significant effect on the baseline and 

active tissue impedances. Studies on FE models of neural recording [162] and excitation [194] 

applications have found anatomical details have significant influence on model accuracy. While this 

influence was not evaluated in the current thesis, it is reasonable to expect that anatomical detail would 

play an important part in accuracy of FE models of EIT. The importance of a fine mesh in regions directly 

beneath the electrodes [139] suggests the limited imaging depth of 200 µm in OCT may still yield 

significant benefits for FE model accuracy in EIT.  

The FE model of EIT in nerve cuff, chapter 6, is unique among similar models in literature for its inclusion 

of anisotropic impedance, obtained from the myelinated fibre modelling in chapter 5. While anisotropic 
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impedance in nerves has been established in earlier studies [118, 122] on unmyelinated fibres of crab, 

these studies did not incorporate their results into FE modelling. In chapter 6, FE modelling of drive and 

measurement electrode patterns revealed a trade-off between SNR and spatial resolution, with 

transverse current patterns producing low SNR but high resolution, and longitudinal current patterns 

producing high SNR but low resolution. This finding was supported by a later study using a FE model 

with isotropic conductivity [127], indicating the trade-off is independent of the anisotropy. While good 

spatial resolution in reconstructed images have been reported with fascicle level excitation with both 

transverse [10, 127], and longitudinal [128] current patterns, a single study which compares the two 

approaches on the same subject would help to validate FE model findings.  

 

Outline step: Unmyelinated nerve Cerebral cortex Myelinated nerve 

1. Modelling     

Equivalent electrical 
circuit  

Cable model: Boone et al 
(1996) [118] 
FE model: Tarotin et al 
(2019a) [167]  

Cable model: Liston et al 
(2012) [122] 

Cable model: Hope et al 
(2018a) [7]: Chapter 5  
FE model: Tarotin et al 
(2019b) [126] 

FE model  Scalp: Bagshaw et al (2003) 
[147] 
Epicortical: Aristovich et al 
(2016) [123] 

Hope et al (2018a) [7] and  
Hope et al (2018b) [57]: 
Chapters 4 and 5 

Electrode 
configuration 

 Epicortical: Faulkner et al 
(2017) [191] 

Nerve cuff: Hope et al (2018c) 
[9]: Chapter 6; Ravagli et al 
(2019) [127] 
 

2. Characterization    

Characterize 
impedance signal in 
neural tissue 

Gilad et al (2009) [120]  
Oh et al (2011) [119] 

Scalp: Gilad et al (2009) [193] 
Epicortical: Mayo et al (2018) 
[1] & Hannan et al (2018) [5] 

Transverse current: Aristovich 
et al (2018) [10] 
Longitudinal current: Hope et 
al (2019a) [270]: Chapter 9  

Demodulation and 
multiplexing 

Phase-antiphase subtraction: 
Gilad et al (2009) [120] & Oh 
et al (2011) [119] 

BPFHT and FDM, Epicortical: 
Dowrick et al (2015) [8]; 
Witkowska-Wrobel et al 
(2019) [102] 

BPFHT and FDM: Hope et al 
(2019b) & Hope et al (2019c) 
[6, 266]: Chapters 7 and 8 

3. EIT imaging    

EIT reconstruction of 
neural activity 

 Epicortical: Aristovich et al 
(2014) [123]; Aristovich et al 
(2016) [116]; Vongerichten et 
al (2016) [2]; Hannan et al 
(2018) [125]; Witkowska-
Wrobel et al (2019) [102] 
 

Fascicle level activity: 
Aristovich et al (2018) [10]; 
Chapman et al (2019) [128] 
Ravagli et al (2019) [127] 

 

Table 10.1: Updated version of Table 2.1 with works presented in the current thesis shown underlined and in 

italics. Categorization of neural EIT work into three categories of neural tissue: unmyelinated nerve, cerebral 

cortex, and myelinated nerve; as well as three investigative steps: modelling, characterization, and EIT imaging. 
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The combination of a limited operating frequency range, characterised as 2 – 16 kHz in chapter 9, and 

the frequency spacing between parallel drive currents, characterised as 1.5 kHz for the rat paw 

stimulation and sciatic nerve recording paradigm in chapter 8, highlighted the limited number of drive 

currents permissible in FDM EIT of nerve. It is notable that this combination is unique to the neural 

activity being imaged, with, for example, researchers successfully imaging slow (low frequency) neural 

activity during epileptic seizures in pigs in vivo with 50 Hz frequency spacing between each of the 32 

drive currents [102]. A further consideration in FDM, in comparison to TDM, is that more of the 

electrodes are occupied injecting current, and so cannot be used as measurement electrodes without 

compensating for measurement current effects [139]. Therefore, while recent EIT nerve studies have 

shown good spatial resolutions using 168 transfer impedances on a 14 channel nerve cuff (14 drive 

pairs, each with 12 measurements) [127]; 234 transfer impedances on a 16 channel nerve cuff (16 drive 

pairs, each with 14 measurements) [10]; and 364 transfer impedances on a 28 channel nerve cuff (14 

drive pairs, each with 26 measurements) [128]; implementing 7 drive pairs in parallel requires at least 

a 28 channel nerve cuff to produce only 98 transfer impedances (7 drive pairs, each with 14 

measurements), which would impede the achievable spatial resolution [139].  

Though FDM EIT of fascicle level neural activity was not presented within this thesis, the impedance 

signal amplitude in chapters 8 and 9, of 20 to 100 µV, and required SNR of 8 for EIT reconstruction 

[10], makes FDM EIT in rat sciatic nerve a conceivable feat, perhaps even in real time with sufficiently 

low noise hardware. While the low spatial resolution of longitudinal 0/0 configuration, which was used 

in chapters 8 and 9, along with the low spatial resolution expected from 98 transfer impedances (7 drive 

pairs, each with 14 measurements), would produce images with relatively poor quality, it is expected 

that distinguishing individual and concurrent fascicle level activity in the three fascicles of the rat sciatic 

nerve would be possible. A possible method to test FDM EIT using the paw stimulation – sciatic nerve 

recording paradigm used in chapters 8 and 9, Appendix B, is as follows: acquire FDM EIT data in 

response to paw stimulation, which produces concurrent neural activity in all fascicles in the sciatic, 

then transect either the tibial or peroneal nerve branch and acquire a second set of FDM EIT data with 

impedance signals from the transected branch, and its corresponding fascicle in the sciatic nerve, now 

absent. 

The animal studies in chapters 8 and 9 employed several idealized bench-top experiment conditions, 

including: large magnitudes of neural activity provided by artificial stimulus instead of spontaneous 

physiological activity; ensemble averaging of multiple data sets to reduce noise; and the use of cadavers 

which are absent of cardiac and other sources of electrophysiological noise. Such techniques are 

ubiquitous among animal studies of neural EIT [1-5, 8, 10, 116, 226], with the exception of the real time 

FDM EIT study of epilepsy in pigs [102], and are indicative of the low SNR which afflicts EIT as well as 

neural recording applications in general. These idealized conditions are not representative of a 

peripheral nerve interface for neural-prosthetics control, where the signal amplitudes of spontaneous 

motor commands would be unsynchronised [113] and so lower in amplitude, and must be resolved in 

real time to provide the prosthetics user a sense of agency and intuitive control [28, 29, 265].  
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Improvements to the SNR improve the spatial resolution by extending the operating frequency range, 

and remove the need for ensemble averaging. Researchers have shown increased SNR from improved 

electronics [270, 271], functional electrode coatings to lower electrical impedance [128], signal 

processing steps such as wavelet de-noising [112] or spatial filtering [272, 273], and velocity selective 

filtering of simultaneous recordings from multiple nerve cuffs [107, 108]. With neural EIT of activity in 

the brain, the progression of EIT from scalp [130] to epicortical [2, 116, 125] to intracortical [137, 138] 

electrodes showed corresponding improvements in performance. In nerves, application of EIT to 

intraneural electrodes may generate similar improvements in performance, albeit with loss of the 

chronically stable peripheral nerve interface which motivated the current study into EIT in nerve cuff.  

The compatibility of EIT with boundary electrodes, as is present in nerve cuffs, and the theoretical 

improvements in resolving concurrent activity and in spatial resolution, over conventional inverse source 

analysis methods [10], makes it an appealing option for a neural prosthetics control interface. However, 

for the immediate future, the limited number of parallel drive currents and the critically low impedance 

signal amplitude of spontaneous neural activity makes EIT in nerve cuff more suited to applications with 

a repeated artificial stimulus to permit TDM and ensemble averaging. An example of such an application 

is vagus nerve stimulation treatment of epilepsy, which was a goal stated in the EIT nerve cuff studies 

by [10, 127, 128]).  

The motivation of this thesis was to explore EIT in nerve cuffs for control of neural prosthetics, with two 

specific goals associated with real time EIT: (i) to improve the signal to noise ratio, and (ii) frequency 

multiplexing of EIT drive currents. For the former goal, drive and measurement electrode patterns and 

hardware modifications were both demonstrated, while for the latter goal, two parallel drive currents 

were successfully de-multiplexed and limitations in the number of parallel drive currents were identified 

from the frequency roll-off in impedance. Real-time imaging of evoked fascicle-level neural activity was 

not demonstrated but is expected to be feasible, albeit with a low spatial resolution. Real time FDM EIT 

of spontaneously occurring neural activity, for control of neural prosthetics, requires significant 

improvements in signal to noise ratio and additional methods of multiplexing to increase the permissible 

number of parallel drive currents. 

10.2. Novelty and Contributions 

This thesis produced several novel contributions to the field:  

 Reviewed three morphometric analysis techniques in optical coherence tomography and 

verified their performance on peripheral nerve using histology by light microscopy.  

 Extended fiber modelling techniques to myelinated fibers to estimate the change in 

impedance during neural activity in myelinated peripheral nerves. 

 Included anisotropy in the baseline and active impedances during analysis of EIT drive and 

measurement patterns on a finite element model of EIT in a nerve cuff.  
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 Demonstrated demodulation of impedance signals from frequency division multiplexed EIT 

currents applied to fast neural activity in myelinated fibres.  

 Characterised the frequency roll-off in the impedance signal for a longitudinal EIT current 

applied to fast neural activity in myelinated fibres. 

 Proposed and evaluated a novel implementation of the EIT current source that uses a parallel 

RLC circuit to ameliorate capacitive charge transfer in the nerve and so extend the operating 

frequency range. 

 
These contributions enabled an initial analysis of the feasibility of real-time EIT in a nerve cuff for neural 

prosthetics and, more broadly, have helped to advance neural-EIT in peripheral nerves by identifying 

performance tradeoffs and limitations 

10.3. Conclusion 

Modelling of nerve fibers under longitudinal and transverse currents indicated a highly anisotropic 

impedance that produced a tradeoff between the fraction change in impedance during neural activity 

and the start of the frequency roll-off from capacitive charge transfer (longitudinal: 0.4 fraction change, 

103 Hz roll-off; transverse: 0.5 x 10-4 fraction change, 106 Hz roll-off).  When this impedance anisotropy 

was input into a finite element model of EIT in a nerve cuff, longitudinal currents produced a larger 

signal to error ratio but poorer spatial resolution than transverse currents; although when the current-

limits of neural tissue were accounted for (longitudinal: 30 µA; transverse: 150 µA), the signal to error 

ratio was broadly comparable for both currents. In vitro experiments on cadavers identified that the 

number of parallel drive currents that can be implemented in FDM EIT is severely limited by the narrow 

operating frequency range in myelinated peripheral nerve (2 to 16 kHz) and the relatively broad 

frequency spectra of neural activity that modulates the carrier signal (+/-0.75 kHz in paw stimulation; 

estimated +/-2 kHz in spontaneous neural activity). 

The literature review revealed that neural prosthetics users desire an intuitive control interface, and that 

while a nerve cuff offers a chronically safe package for a control interface its performance with passive 

neural recording techniques is insufficient for neural prosthetics. EIT in nerve cuff offers a theoretical 

improvement in performance but suffers from critically low SNR and is expected to have limited spatial 

resolution in real-time compatible (FDM-EIT) implementations due to the limited number of permissible 

parallel drive currents. In order to realize the theoretical benefits of EIT in a nerve cuff, of resolving 

concurrent activity at high spatial resolution, significant improvements in signal to noise ratio and 

additional methods of multiplexing drive currents are needed. 

10.4. Future work 

Future research directions might address the following areas:  
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 Analysis of what effect morphological features included in an FE model have on the EIT

reconstruction accuracy in a multi-fascicle nerve typical of human somatic nervous system.

 In vivo measurements of the baseline and active impedances of intra-fascicle tissue using

intraneural electrodes, with histological analysis of fibre diameter distribution, to verify

impedance modelling in chapter 5. The frequency response of different fibre diameters is

particularly relevant to the feasibility of FDM EIT.

 Evaluation of performance in resolving concurrent activity and spatial resolution for different

EIT drive and measurement electrode patterns, including variable electrode spacing with

longitudinal currents.

 Recording of impedance signals in nerve cuff during spontaneous neural activity, for example

from joint rotation (proprioception signals).
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APPENDIX A: NERVES IN RAT HINDLIMB 

In the hindlimb of rats, as in the leg of humans, the sciatic nerve bifurcates into the peroneal, tibial and 

sural nerve branches, Fig. A1 and A2. 

Paw 
Sciatic nerve 

Peroneal nerve 

Tibial nerve 

(Sural nerve is not visible) 

Figure A1: Nerve branches in cadaver. 

Sciatic nerve 

Peroneal nerve 

Tibial nerve 

Sural nerve 

Figure A2: Nerve branches in explanted tissue sample. 
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APPENDIX B: PIN PLACEMENT 

Figure B1: Paw stimulation – sciatic nerve recording paradigm used in this thesis. Placement of stimulation 

pins between toes 1-2 and 4-5 and the ground path pin in the contralateral paw, and nerve cuff implanted 

around the sciatic nerve, was used in the in vitro (cadaver) animal experiments in chapters 6 - 9.  

Stimulation pins 

Ground path pin 

Nerve cuff implanted 

on sciatic nerve 
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