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Abstract

Objective. A symbiosis of human intelligence and artificial intelligence (AI) cannot be

achieved without establishing an intuitive, bidirectional, and high-bandwidth information

conduit between the minds and machines. Approach. Here we focus on developing high-

precision bioelectronics underlying a new class of bioelectric neural interfaces that could

bring us one step closer to this feat. We pioneer new circuit techniques, including frequency

shaping (FS), redundant sensing (RS), RS-based super-resolution, and redundant cross-

fire (RXF), to enhance the effective resolution of neural recording and stimulation. These

fundamentals allow the implementation of a series of fully-integrated microchips called Neu-

ronix capable of acquiring low-noise neural signals and delivering high-precision electrical

microstimulation. The Neuronix chips are incorporated to create miniaturized neuromodu-

lation devices, including the Scorpius system, to enable bidirectional communications with

neural circuits. Results. In a clinical study with human amputees, the Scorpius system

helps establish a peripheral nerve interface that allows deep learning-based AI models to

read and decode the patients’ intents of moving individual fingers. Our analysis of acquired

electroneurography (ENG) signals demonstrates this robust nerve interface has a sufficient

information capacity to enable real-time control of a multi-degree-of-freedom (DOF) neu-

roprosthetic hand with near-natural dexterity and intuitiveness while simultaneously deliv-

ering somatosensory feedback. Significance. Our study layouts the principled foundation

toward not only a dexterous control strategy for advanced neuroprostheses but also an in-

tuitive conduit for connecting the human minds and machines. This opens up possibilities

for many biomedical applications and manifests the basis of the future human-machine

symbiosis.
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Chapter 1

Introduction

1.1 Human-Machine Symbiosis

The term “man-computer symbiosis” was coined in the 1960s by Licklider [106], among

others [35, 164]. It describes the potential of integrating human intelligence and artificial

intelligence in a “symbiotic partnership” to perform intellectual operations with a superior

efficiency that neither can achieve on their own. In a broader sense, the collaborative

assimilation between the minds and machines could allow humans to compensate and/or

extend our capabilities beyond the biological constraints, becoming better, stronger, faster

[58, 140]. Such vision has been greatly catalyzed and popularized by science-fiction media

over the decades. Sci-fi movies like RoboCop (1987), The Matrix Trilogy (1999-2003), and

video games like Titanfall series (2014-2016), Deus Ex series (2000-2016) envisage vivid

views on what could happen if human minds and machines could be effectively integrated.

To make this vision become a reality, an intuitive, bidirectional, and high-bandwidth

neural interface must be established between the minds and machines [26, 150]. A neural

interface plays a vital role in a communication protocol to translate the cerebral language

to the machine code, and vice versa as the architecture for information processing of the

biological nervous system based on neurons is fundamentally incompatible with that of the

artificial computer based on semiconductor transistors. Without a neural interface, human-

machine interactions would always be limited by the capacities of our muscles and senses:

sight, hearing, smell, taste, and touch. The symbiotic partnership only arises when there is

an efficient and intuitive means to transfer complex ideas and massive data between human

intelligence and artificial intelligence.

Bioelectric neural interfaces, including brain-machine interfaces (BMI), brain-computer

interfaces (BCI), peripheral nerve interfaces (PNI), are among the most promising ap-

proaches in neuroengineering to facilitate this vital interconnection [92, 149, 151]. Figure

1.1 illustrates a bioelectric interface that mainly consists of neural recorders and stimu-

1



Figure 1.1: A bioelectric approach to connect the human minds and machines.

A bioelectric neural interface consisting of neural recorders and stimulators could facilitate

simultaneous, bidirectional communications between the nervous system and the artificial

system. It is the underlying technology of many life-changing biomedical applications to

repair lost functions and/or augment human abilities.

lators. When properly implemented, a bioelectric interface could facilitate bidirectional

communications with neural circuits, enabling the ability to read, understand, and modu-

late the neural code with high precision. It creates an interconnection to electrically relay

bits of information such as audio, visual, movements, and sensory from external sensors

and actuators to the human nervous system. These are the underlying principles of many

life-changing biomedical applications to repair lost functions and/or augment human abil-

ities [165]. Examples of bioelectric interface’s applications include retinal implants/bionic

eyes [71], cochlear implants [200], neuroprosthetic limbs [124, 154, 179], exoskeletons [195],

spelling devices [144], artificial skin [24], etc.

In recent years, bioelectronics has greatly benefited from the rapid advancements in

integrated circuits, manufacturing, and materials technologies driven by Moore’s law in the

semiconductor industry, predicting the doubling of transistor density every two years. This

allows almost all the components of a high-performance bioelectric interface from front-end

amplification, filters, data conversion to back-end signal processing, neural decoding, data

transmission to be efficiently packed in millimeter-sized form factors [125,187]. Such minia-

turization is the key that makes bioelectric interface an attractive approach for developing

wearable and implantable clinical applications that could directly interact with neurons at

the source. Bioelectric approaches are major components of pioneer movements such as the

Neural Engineering System Design (NESD) program funded by the U.S. Defense Advanced

2



Research Projects Agency (DARPA), which aims to “develop an interface that can read 106

neurons, write to 105 neurons, and interact with 103 neurons full-duplex, a far greater scale

than is possible with existing neurotechnology.”1

1.2 High-Precision Bioelectric Neural Interface

Tremendous efforts have been made in recent years to advance bioelectric neural interfaces’

capabilities, many of which focus on enhancing the interface’s resolution. It is generally

believed that increasing the system resolution would allow more precise and comprehensive

communications with neural circuits leading to a better understanding of the neural code

and unlock many potential applications that are not available with the current technologies

[13, 114, 162, 198]. For example, a study by Lebedev & Nicolelis [96] suggests that a BMI

may require up to 5,000-10,000 neurons recorded simultaneously to restore limb movements

and 50,000-100,000 to enable “whole-body neuroprosthetic.”

In practice, the term “resolution” is broadly used to describe three different aspects, in-

cluding spatial resolution, temporal resolution, and amplitude resolution. Spatial resolution

regards the number of individual neurons that can be interacted with (i.e., channel count);

and/or the number of channels per unit area/volume (i.e., channel density). Temporal res-

olution regards the number of samples acquired per second (i.e., sampling rate), and/or the

fastest response can be measured (i.e., bandwidth). Dynamic range or amplitude resolution

regards the ratio between the largest and the smallest change in signal amplitude that can

be accurately quantified (i.e., dynamic range); and/or the number of distinct voltage levels

represented by the digital output (i.e., quantizer’s resolution)2.

High-resolution is an essential attribute of a bioelectric interface because neural signals

span a wide spectrum of spatiotemporal scales [63, 114]. Figure 1.2(A) presents a chart of

various components of neural signals across the spatial, temporal, and amplitude scales.

They include both the signals of interest (e.g., EEG, EMG, LFP, etc.) and undesirable

artifacts resulting from motion, electrical stimulation, or external interferences. Figure

1.2(B) shows an example of real-life neural recordings that almost always contain two or

more components with orders of magnitude differences. Thus, the bioelectronics must have

a sufficient resolution to capture the full-spectrum neural data dynamics efficiently.

Our works mainly focus on advancing the precision or amplitude resolution of bioelectric

interfaces. The underlying motivation could be derived from the Shannon theorem [157,158]

1https://www.darpa.mil/program/neural-engineering-system-design
2For stimulators, the dynamic range could refer to the ratio between the largest and the smallest change

in stimulation amplitude.

3
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Figure 1.2: Different modalities of a bioelectric interfaces at various spatiotem-

poral scales. (A) A chart of various components of neural signals across the spatial,

temporal, and amplitude domains. (B) Example of real-life neural recordings containing

two or more components with orders of magnitude differences.

which quantifies the maximum information transfer rate of a communication channel:

C = B log2

(
1 +

S

N

)
(1.1)

where C is the channel capacity (bits/sec), B is the channel bandwidth (Hz), S/N is the

signal-to-noise ratio (SNR). For a neural interface, the bandwidth is limited by the speed

of biological processes. The fastest neural response, a single action potential (spike), has

frequency components up to 10kHz, which is already within the Nyquist bandwidth of

most neural recorders. This leaves SNR the primary target. By advancing the precision

or dynamic range of the bioelectronics, we could essentially increase the rate at which

neural information is communicated. Furthermore, by deriving techniques to optimize the

circuit’s performance, more recorders and stimulators could be packed into the same chip

area without sacrificing their intrinsic precision. This indirectly extends the overall spatial

resolution by increasing the number of neurons or parallel information channels that can be

simultaneously interfaced.

Designing high-resolution bioelectronics in very-large-scale integration (VLSI) while

maintaining the overall small physical size and low power consumption poses many prac-

tical challenges and often requires engineering trade-offs [3, 5, 42, 90, 104, 114, 120, 121, 187].

Some of these challenges include capacitor density, intrinsic transistor properties, and high-

voltage circuitry, all of which cannot be adequately resolved with transistor scaling. Firstly,

a large portion of the recorder design is occupied by on-chip capacitors. The capacitance is

directly proportional to the area and cannot be arbitrarily reduced as it often determines

4



the circuit’s noise floor governed by the kT/C relation. More advanced semiconductor

manufacturing processes are driven by digital circuits and do not necessarily offer better

capacitor density. Secondly, reducing transistors’ size often negatively affects their charac-

teristics, including matching properties and intrinsic gain resulting in the overall precision

degradation. As a result, many high-performance, ultra-low-noise analog circuits are still

designed in decades-old CMOS processes such as 180nm (1999) and 130nm (2001). Thirdly,

neurostimulators requiring high-voltage compliance in the 10-30 V range have large size and

power consumption that cannot be easily reduced.

Figure 1.3: Neuronix chips enable high-precision bioelectric neural interfaces.

(A) Example of a Neuronix chip with millimeter-sized in comparison with gains of rice.

(B) Neuronix chips enable acquiring high-SNR neural signals while suppressing stimulation

artifacts. (C) A commercial counterpart (Blackrock Microsystems, UT, USA) that is widely

in neuroscience experiments. (D) The commercial recorder experiences circuit saturation

when the stimulator is turned on, impeding its ability to acquire neural signals.

Addressing these issues requires developing new circuit techniques and architectures,

which are the main objectives of this work. Figure 1.3 illustrates the capacity of the proposed

bioelectronics called Neuronix [191]. Neuronix is a family of application-specific integrated

circuit (ASIC) consisting of miniaturized neural recorders and stimulators built on new

circuit architectures. Figure 1.3(A, B) shows an example of a millimeter-sized Neuronix chip

that enables acquiring high-fidelity neural signals while suppressing stimulation artifacts and

minimizing circuit saturation to protect sensitive electronics. Figure 1.3(C, D) shows the
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results when attempting to obtain neural data with a commercial counterpart (Blackrock

Microsystems, UT, USA) that is widely in neuroscience experiments. The commercial

recorder has a much larger size and experiences circuit saturation when the stimulator is

turned on, impeding its ability to acquire neural signals.

1.3 Dexterous and Intuitive Neuroprosthesis

Neuroprosthetics is a scientific discipline that has been interestingly advertised in science

fiction movies. RoboCop, Terminator, and Avatar are examples that present vivid views

on what would happen if the human minds and machines can efficiently communicate: a

human-machine symbiosis. DEKA Corporation, as a part of the DARPA’s Revolutionizing

Prosthetics program3, has embodied the connection between the Star Wars universe and

real-world devices with the production of the Luke arm [141–143]. Though exaggerated, a

combination of mind-reading capability and robotics can benefit many people and society

at large. For example, neuroprosthetics research can benefit millions of people with motor

impairment, including the amputee population and those with neural injuries in the spinal

cord and the brain. Among different applications, neuroprosthetics’ use to restore lost

function in upper limb amputees is the most challenging scenario. From a mechanistic

perspective, the human hand is the most complex device we directly control, and the hand

is innervated by the largest number of sensory neurons of any organ in the body.

The development of upper limb prostheses has been benefitted from progress in robotics

and material science, where the newer designs such as the DEKA Arm [141–143], the APL

ARM [82], and the DLR Hand Arm system [55,56] can support a wide range of movements.

However, none of them can be fully utilized due to “ineffective control”. What is missing is a

human-machine interface (HMI) that can decode the motor intention in the brain and enable

intuitive, simultaneous control of all available degrees-of-freedom (DOF) of the prostheses

with lifelike dexterity [29, 154, 163]. This is one of the primary objectives of the DARPA’s

Hand Proprioception and Touch Interfaces (HAPTIX) program4, which this work is a part

of.

In the literature, there are three locations where motor control signals can be intercepted:

the brain [11,67,68,75,203], muscles [39,41,57,80,118], and peripheral nerves [9,33,47,49,74,

147, 172, 173]. While cortical decoding techniques with implanted microelectrode arrays in

the brain have pioneered the research field for many years, it remains unclear if there could

be sufficient neural information harvested to restore the lost motor function in a meaningful

manner. For example, it is not yet feasible to demonstrate near-natural, individual finger

control with a brain implant.

3https://www.darpa.mil/program/revolutionizing-prosthetics
4https://www.darpa.mil/program/hand-proprioception-and-touch-interfaces
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Figure 1.4: Bioelectric nerve interface enables dexterous neuroprosthetic hand.

(A) An artist’s concept of a dexterous neuroprosthetic hand. High-precision bioelectronics

essentially creates an information channel through the peripheral nerves that could facili-

tate communications between the human minds and deep learning-based AI models. This

enables decoding the amputee’s motor intents to control a multi-DOF neuroprosthetic hand

with dexterity and intuitiveness. (B, C) The materialization of this concept that would be

presented in this work.
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Prosthetics based on surface electromyography (EMG) signals recorded from available

muscles in the amputated limb are non-invasive and have been widely adopted by amputee

patients [39, 146]. However, regardless of the allowable DOF in the arm system, these

EMG prosthetics only permit sequential control of grasp patterns such as opening and

closing the prosthesis through the co-contraction of residual muscle sites. Higher DOF

control is possible with pattern recognition systems that may provide 3-4 simultaneous DOF

control but remain non-intuitive, unnatural, and cannot be generalized in daily tasks [59].

The targeted muscle reinnervation (TMR) technique could enable intuitive control of some

prosthetic functions but requires a significant surgery and is intrinsically unpredictable in

outcome [19].

This work focuses on motor decoding using electroneurography (ENG) signals acquired

from peripheral nerves. There are multiple challenges associated with this approach [25,

72, 124, 152, 175]. For example, typical ENG signals acquired from extra-and-intraneural

electrodes have an amplitude ranging from a few to tens of microvolts, which are orders of

magnitude smaller than EMG and cortical neural signals. ENG recordings are also contam-

inated by large-amplitude interferences, such as those originating from body motions and

residual muscles. Furthermore, ENG signals obtained from one electrode are often combined

activities from hundreds of individual axons. As a result, substantial signal processing and

pattern recognition is required to isolate and extract the desired data features. More recent

studies on microelectrodes [22, 138], bioelectronics [191], AI algorithms [37], and clinical

validations [32,47,49,134,173,178,201] suggest multi-DOF motor control via the peripheral

neural pathways could be a more effective and promising approach.

Figure 1.4 illustrates an artist’s concept and the materialization of a bioelectric nerve

interface for neuroprostheses. Using implanted intrafascicular microelectrodes, the pro-

posed fully-integrated, high-precision bioelectronics essentially creates an information chan-

nel through the peripheral nerves that could facilitate communications between the human

minds and deep learning-based AI models. This enables decoding of the amputee’s motor

intents from the continuous stream of low-noise ENG signals to control individual fingers of

a multi-DOF prosthetic hand with the dexterity and intuitiveness that could not be achieved

with conventional interfaces. By deploying the proposed fully-integrated bioelectronics for

such neuroprosthetic application, we provide a definitive demonstration that a viable and

beneficial symbiosis between human minds and machines can arise with a bioelectric neural

interface.

1.4 Overview of the Dissertation

The remainder of this dissertation is organized as follows:

� Chapter 2 presents new circuit techniques to enhance the effective resolution of fully-
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integrated neural recorders and stimulators. These techniques include frequency shap-

ing (FS), redundant sensing (RS), RS-based super-resolution, and redundant crossfire

(RXF).

� Chapter 3 presents the implementation of the circuit techniques to materialize high-

precision, low-power ASIC for neuromodulation. We show the Neuronix chip family

members consisting of low-noise neural recorders based on the FS architecture and

high-precision neural stimulators based on the RXF technique. These ASIC are in-

corporated to create miniaturized neuromodulation devices, including the Scorpius

system, for animal and human experiments.

� Chapter 4 presents the development of a bioelectric nerve interface built around the

Scorpius system for dexterous and intuitive neuroprostheses. This essentially opens

a high-bandwidth information channel to the brain that enables deep learning-based

AI models to decode human subjects’ true motor intents in a pilot clinical trial. We

also show the deployment of an optimized version of the neural interface with AI

neural decoders as a portable, self-contained unit using an edge computing platform

to enable real-time control of a neuroprosthetic hand.

� Chapter 5 concludes the dissertation and discuss the future work.

The body of this dissertation is part of the following articles that have been previously

published or are under consideration for publication (*co-first authors):

U.S. patents and applications

� Yang, Z., Nguyen, A. T., & Xu, J. (2020). System and Method for Charge-Balancing
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Patent Application No. 17/066,456.

� Yang, Z., Xu, J., Nguyen, A. T., & Wu, T. (2018). System and Method for Simul-

taneous Stimulation and Recording Using System-on-Chip (SoC) Architecture. U.S.

Patent Application No. 15/876,030.

Journals and conferences

� Nguyen*, A. T., Drealan*, M. K., Luu, D. K., Jiang, M., Xu, J., Cheng, J., Zhao,

Q., Keefer, E. W., & Yang, Z. (2021). A Portable, Self-Contained Neuroprosthetic

Hand with Deep Learning-Based Finger Control. Under review.

� Nguyen, A. T., Xu, J., Luu, D. K., Overstreet, C. K., Cheng, J., Keefer, E. W., &

Yang, Z. (2021). Redundant Crossfire: A Technique to Achieve Super-Resolution in

Neurostimulator Design by Exploiting Transistor Mismatch. Under review.

� Luu*, D. K., Nguyen*, A. T., Jiang, M., Xu, J., Drealan, M. K., Cheng, J., Keefer,
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Chapter 2

Circuit Techniques for

High-Precision Bioelectronics

Summary

Objective. High-resolution bioelectronics is the key to materialize a high-bandwidth neural

interface connecting the human minds and machines. Approach. Here we present new circuit

techniques to enhance the effective resolution of neural recorders and stimulators. These

techniques include FS, RS, RS-based super-resolution, and RXF. Results. FS is a neural

amplifier architecture designed to extend the effective system dynamic range and acquire

full-spectrum, low-noise neural data while suppressing large motion and stimulation arti-

facts. We show that an efficient FS amplifier could be designed based on switched-capacitor

circuits with various noise optimization techniques. RS is a framework that aims at engineer-

ing information redundancy to enhance the resolution of AD and DA conversion processes.

We show that RS could allow exploiting random mismatches to achieve an effective super-

resolution beyond the limitation commonly permitted by physical constraints. RXF is a

practical derivation of this approach in neural stimulator design. RXF involves combining

(i.e., crossfiring) the outputs of two or more current drivers to form a redundant structure

that could produce precise stimulation pulses with an effective super-resolution beyond the

intrinsic resolution of the individual driver. Significance. The proposed circuit techniques

are the fundamentals underlying the implementation of high-precision, fully-integrated neu-

ral recorder and stimulator ASIC, and miniaturized neuromodulation systems.
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2.1 Frequency Shaping Architecture

2.1.1 Wide System Dynamic Range

Dynamic range and/or amplitude resolution is one of the essential metrics of a bioelectric

neural interface for establishing effective communication with the nervous system. Dynamic

range (measured in fraction, dB, or bits) is defined as the ratio between the largest and

smallest change in signal amplitude that can be accurately quantified by the neural recorder:

DR = Vin,max/∆Vin,min

DRdB = 10log10(Vin,max/∆Vin,min)

DRbits = log2(Vin,max/∆Vin,min)

(2.1)

Where the largest change is the recorder’s maximum input range without circuit saturation,

and the smallest change is determined by the system noise floor, which is a combination of

front-end amplifier, ADC, and electrode noises1.

A wide system dynamic range is crucial in real-world applications to effectively capture

full-spectrum, high-fidelity neural data. Neural recordings acquired at many spatiotemporal

scales are always superimposed combinations of various components. Each of these compo-

nents has distinct temporal-spectral characteristics that extend over a multi-order dynamic

range of amplitude from a few µV to hundreds of mV and wide bandwidth of frequency from

few Hz to several kHz [14,63]. In fact, because of this scale invariance superposition, most

neural data acquired from various parts of the nervous system exhibit the “power-law” or

1/f power spectrum characteristic, where the signal’s power P (f) falls off as the frequency

f increases:

P (f) ∝ 1/fα α = 1 ∼ 4 (2.2)

Figure 2.1(A) shows a spectrum comparison of in vivo neural data with noise floors

of a conventional front-end amplifier and ADC [61, 177]. The neural data are acquired

from the rat’s hippocampus with a microelectrode array, including the electrode-tissue

interface noise, and exhibit an approximately 1/f1.86 spectrum from 1-10,000 Hz. Here the

interest signals mainly consist of two components, LFP and neural spikes, with relatively

large amplitude discrepancy. LFP have 0.1-10 mV amplitude in the 1-150 Hz band, while

neural spikes have 20-500 µV amplitude in the 150-5000 Hz band. The figure suggests that

a conventional neural amplifier with 2µV noise floor and an ADC with >14-bit effective

resolution is required in the full-spectrum recording to get a minimum 10dB SNDR at all

frequencies and also provide enough design margin.

1For neural stimulators, dynamic range can be similarly defined as the ratio between the largest to the
smallest output current amplitude and/or the number of different output levels
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Figure 2.1: Wide system dynamic range is required to capture high-fidelity

neural data. (A) Spectrum comparison of in vivo neural data and the noise floors of a

conventional front-end amplifier and ADC. (B, C) Samples of neural recordings showing

large motion artifacts, electromagnetic interferences, and stimulation artifacts that could

saturate the recording circuits and mask small neural signals of interest.

The presence of environmental artifacts and/or interferences further escalates the needed

dynamic range because artifacts have much higher amplitude than any signals of interest.

Figure 2.1(B) shows a typical example of neural recordings containing motion artifacts and

electromagnetic interferences. One could be interested in isolating LFP and extracellular

spikes; however, large artifacts originating from animal motion (10-50 mV) and electro-

magnetic interference (50-100 mV) would frequently occur, causing misinterpretation of

the signals and sometimes saturating the recording electronics. Circuit saturation could

lead to signal loss or even damage sensitive electronics. Using the recorded data, it is es-

timated that the averaged data dynamic range without/with artifacts is (10.57±0.32)-bit
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and (12.82±0.86)-bit, respectively [181, 182, 184]. Another 1-2 bit design margin is needed

to avoid large harmonic distortions and reduce recovery time after the artifact. As a result,

the system dynamic range of a neural interface must be more than 14-bit when acquiring

full-spectrum neural activities with artifacts.

The specification on system dynamic range is further pushed when supporting more

sophisticated neuromodulation experiments and clinical applications, where electrical stim-

ulation is used for probing neural circuitry and identifying networks of neurons. As shown

in Figure 2.1(C), large-amplitude stimulation artifacts that frequently appear in the ex-

periments/applications will inevitably saturate the recording systems, masking out parts

of the neural signal. While circuit saturation from stimulation artifacts is unavoidable, a

recording system with a wide dynamic range would protect sensitive bioelectronics from

being damage while enabling faster circuit recovery to ensure minimal signal loss.

In practice, it is extremely challenging to extend the system’s effective dynamic range

without occupying much extra circuit area or consuming excessive power because the ef-

fective dynamic range is determined by numerous factors, such as the amplifier’s input-

referred noise, ADC’s resolution, input range, distortion, etc. By a rule of thumb, in-

creasing 1-bit (6dB) precision on average requires an additional four times circuit area and

power [42, 120, 121]. Maintaining the necessary circuit precision is increasingly more im-

portant as miniaturization of the bioelectric interface requires integrating other circuits on

the chip leading to cross-talk and interference and using smaller feature-size transistors

resulting in larger mismatch error [3, 23,90,104].

Figure 2.2 summarizes the main design strategies in recent works, which aim to extend

the system dynamic range, avoid circuit saturation, and/or optimize circuit recovery after

stimulation. Figure 2.2(A) shows the conventional architecture which consists of a low-noise,

high-gain front-end amplifier (40-60 dB) and an 8-10 bits ADC [6,97,107,159,176]. Despite

being widely used, the conventional architecture is susceptible to input circuit saturation

due to the high gain and limited dynamic range. Figure 2.2(B) shows an improved strategy

that employs a moderate gain amplifier (20-30 dB) coupled with a 13-14 bits high-resolution

ADC to reduce the input circuit saturation [16, 17, 83, 85]. Figure 2.2(C) shows the ADC-

direct architecture, which does not amplify the input signals but instead directly sample the

neural data with a >14-bit ultra-high-resolution ADC [81,88,89,169]. Figure 2.2(D) shows

the artifact suppression architecture, which employs additional circuit blocks to extract the

artifact’s envelope and subtract it from the front-end amplifier input [30,31,115,202].

2.1.2 Frequency Shaping Amplifier

The proposed FS is a new approach that involves shaping the front-end amplifier’s intrinsic

frequency response according to the 1/f power spectrum. This effectively “compresses” the
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Figure 2.2: Comparison of fully-integrated neural recorder architectures. (A)

Conventional architecture. (B) Moderate gain with high-resolution architecture. (C) ADC-

direct architecture. (D) Artifact suppression architecture. (E) Proposed frequency-shaping

architecture.

system dynamic range in the low-frequency band and allows acquiring high-SNR neural data

across the spectrum while inherently suppress artifacts, interferences and reject electrode dc

offset. Figure 2.2(E) shows the FS approach in comparison with other architectures. The

“shaping” is integrated into the front-end amplifier itself to prevent circuit saturation at

the input stage and maximize an input range. We also develop several noise-optimization

techniques and a high-resolution 12-bit ADC to support the FS amplifier’s operation.

While the raw output would be a “distorted” version of the input signals, the waveform

can be restored if needed by digitally applying the inverted FS frequency response. As

a result, the low-frequency components have larger input-referred noise than the high-

frequency components, which is acceptable because the low-frequency signals already have

a large amplitude in the first place due to the 1/f power spectrum. A high SNR is still

maintained across the neural data spectrum. The overall system could accommodate a

“12+4.5”-bit system dynamic range, where the 12-bit comes from the ADC resolution and

the extra 4.5-bit owes to the FS “compression”.

Figure 2.3 shows the basic schematic of the FS front-end amplifier. The circuit is

based on the switched-capacitor design and can be implemented in the single-ended (Figure

2.3A) or fully-differential (Figure 2.3B) configuration. The switches are turned on and off

according to the two non-overlapping phases Φ1, Φ2 (Figure 2.3C). During the Φ1 phase, the
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Figure 2.3: Basic schematic of the FS front-end amplifier. The circuit is based

on the switched-capacitor design and can be implemented in the (A) single-ended or (B)

fully-differential configuration. (C) Timing diagram of the switched-capacitor circuit.

input Vin+ and Vin− is sampled on the Cin capacitor and the amount of charge transferred to

Cf is proportional to the change of input signals. During the Φ2 phase, Cf is shorted while

the charge on Cin remains. The closed-loop gain |H(f)| of the amplifier in the z-domain

can be calculated as

|H(f)| =
∣∣∣∣−Cin(1− z−1)

Cf

∣∣∣∣ ≈ 2πCin
Cf

f

fs
(2.3)

When frequency f is much lower than the sampling rate fs, the amplifier’s gain is pro-

portional to f . When the input is near dc, the closed-loop gain approaches zero; thus the

FS front-end amplifier can inherently suppress the electrode offset without the need for a

sub-Hz high-pass filter. In practice, the FS front-end amplifier would be followed by an ad-

ditional gain stage and low-pass filter, which further modify the overall frequency response

in the mid- and high-frequency band depending on the intended application. Nevertheless,

the 1/f response in the low-frequency band is always reserved.

Figure 2.4(A) shows the electrical noise model of the FS front-end amplifier, which also

includes the parasitic capacitor Cp at the op-amp’s input. The noise floor of the front-end

circuit is the dominant factor to determine the overall system input-referred noise. The

electrical noise comes from three primary sources: (1) VR(f) =
√

4kTRon is thermal noise

of the switch-on resistor Ron, (2) Veq(f) = 6kT/gm is op-amp input thermal noise, and (3)

V1/f (f) is the op-amp flicker noise. Here k is the Boltzmann constant (1.38×10−23 JK−1),

T is the temperature (K), gm is the op-amp’s transconductance (Ω−1). The estimated
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Figure 2.4: Noise analysis of the FS front-end amplifier. (A) Simplified electrical

noise model of the FS front-end amplifier. (B) Spectrum of the input-referred noise with

and without noise optimization techniques.

input-referred noise of the FS front-end amplifier is as follows:

Sin(f) ≈
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Figure 2.4(B) shows the spectrum of the input-referred noise with Ron = 1kΩ, gm =

60µΩ−1, T = 300K,Cin = 3pF,Cf = 30fF,CL = 2pF,Cp = 400fF, fs = 40kHz. The

flicker noise V1/f (f) is omitted because it could be suppressed by using chopper stabiliza-

tion technique.

2.1.3 Noise Optimization Techniques

We develop several switched-capacitor circuit techniques to optimize the noise performance

of the FS front-end amplifier. The goal is to remove as much circuit noise as possible without

significantly increase the overall chip area and power consumption.

First, we add additional serial switches to suppress the noise produced by the parasitic

capacitor Cp at the op-amp’s input. As shown in Figure 2.5(A), the additional switch divides

the parasitic capacitance Cp at the op-amp’s input into Cp1 and Cp2 where Cp1 >> Cp2.

The switch is controlled by Φ1 phase, which blocks charge transfer from the Cp1 during Φ2

phase. To reduce the impact of Cp2, all the switches and op-amp’s input pair transistors are

designed with minimal size, and the input pair transistors are biased in the sub-threshold
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Figure 2.5: Parasitic capacitance suppression and path-splitting technique. (A)

Schematic of additional circuits for parasitic capacitor suppression and path-splitting. (B)

Timing diagram of the switched-capacitor circuits.

region. Figure 2.4(B) shows the effect of the parasitic capacitor suppression on the input-

referred noise.

Second, we propose a path-splitting technique to allow one FS front-end amplifier to

simultaneously sample two or more data streams at different sampling rates and shaping

profile. This is particularly designed for cortical recordings where LFP and neural spikes are

simultaneously acquired in the low- and high-frequency bands, respectively, where it could

be difficult to optimize the recorder for both data streams. As shown in Figure 2.5(A), the

input is split into two paths through different clock phases and input capacitor (Φ1,1, Cin1)

and (Φ1,2, Cin2). The Φ1,2 is the slower clock phase, which is 1/n of the sampling rate

(Figure 2.5(B)). The two clocks are carefully designed to avoid cross-interference, and one

phase could be shut down if the feature is not used. The two data streams are separated

at the ADC output according to the clock phases.

Third, we develop an auto-zero mechanism to cancel the kT/C noise of capacitor Cf .

Figure 2.6 shows the principles of operation of the proposed technique, consisting of three

steps and an additional clock phase Φ3. In step-1 (Figure 2.6(A)), the circuit resets the

charge on the capacitor Cf and C1. The Cf -parallel switch has a finite turn-on resistance,

which creates thermal noise and becomes kT/C noise on Cf after is the switch is turned off.

In step-2 (Figure 2.6(B)), the circuit samples the kT/C of Cf on C1 and sends the noise to

the next stage with a positive gain C1/C2 where C1, C2 are the input and feedback capacitors

of the following gain amplifier. In step-3 (Figure 2.6(C)), the circuit amplifies the input

signal plus the kT/C noise of Cf with a negative gain −C1/C2. Assuming the amplitude of

kT/C noise does not significantly change over one clock cycle, it can be effectively canceled

in the next gain stage. Figure 2.4(B) shows the effect of both the parasitic capacitor

suppression and kT/C cancellation on the input-referred noise.
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Figure 2.6: Auto-zero kT/C noise cancellation technique. (A) Step-1: reset the

charge on the capacitor Cf and C1. (B) Step-2: sample the kT/C noise of Cf on C1 with

a positive gain. (C) Step-3: amplify the input signal plus kT/C noise with a negative gain,

thus effectively cancel the kT/C noise to the next gain stage. (D) Timing diagram of the

switched-capacitor circuits.

2.2 Redundant Sensing Architecture

2.2.1 Engineering Information Redundancy

RS is a design framework that focuses on engineering information redundancy to enhance

systems’ performance regarding accuracy and precision. The key principle is to construct

a redundant system of information representation where numerous distinct system config-

urations can produce each outcome in the sample space. These redundant configurations

are called “microstates”, which almost always exhibit certain amounts of deviation due to

random mismatch error. A subset of microstates with the least amount of error could be

selected through optimization, which allows correcting the performance degradation caused

by the mismatch error.

Figure 2.7 illustrates the architectural differences between RS and conventional systems.

Here we show three conceptual information processors that accept an input xi and produce

a corresponding output yi (i = 1, 2, ...). In the conventional orthogonal system (Figure

2.7(A)), every (xi, yi) pair is represented by a unique pathway that has a determined error

that cannot be easily removed without physically altering the system. In the conventional

redundant system (Figure 2.7(B)), the pathways are partially or entirely replicated for fault-
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Figure 2.7: Architectural differences between RS and conventional systems.

Here three conceptual information processors accept an input xi and produce a correspond-

ing output yi. (A) In the conventional orthogonal system, every (xi, yi) pair is represented

by a unique pathway. (B) In the conventional redundant system, the pathways are par-

tially or entirely replicated for fault-tolerance. (C) In the RS system, the structure can be

configured to an excessive number of “entangled” microstates, each having a different error

amount.

tolerance. Each replication requires a proportional amount of resource overhead. In the RS

system (Figure 2.7(C)), information redundancy is incorporated by having the pathways of

different (xi, yi) pairs share certain processing elements. The structure can be configured to

an excessive number of “entangled” microstates, each having a different error amount. The

number of microstates increases exponentially with the number of shared elements without

incurring a large resource overhead. The system precision could be significantly enhanced if

the microstates with the least error can be found for every (xi, yi) pair through optimization.

In theory, the RS system would outperform the conventional orthogonal system because

there almost always exists a pathway with a lower error for any given (xi, yi) pair. The RS

system would also outperform the conventional redundant system because of the exponential
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level of information redundancy achieved with minimal additional resources.

Any practical RS structure must satisfy two criteria: representational redundancy (RPR)

and entangled redundancy (ETR). RPR refers to a non-orthogonal scheme of information

representation where numerous distinct system configurations encode every outcome in the

sample space. Each configuration responds differently to mismatch error such that in any

given instance, there always exist one or more configurations that have smaller errors than

the conventional representation. ETR refers to the RS structure’s implementation such

that the statistical distribution of different system configurations is partially correlated

(i.e., entangled), allowing a large degree of redundancy without incurring excessive resource

overhead. ETR should be differentiated from the conventional replication-based method to

realize redundancy where redundancy is linearly proportional to the resource utilization.

Figure 2.8: Simple RS structure representing AD/DA conversion processes.

The converter has an N = 3 bits resolution and consists of 2N − 1 = 7 physical unit-

components. In contrast with conventional binary-weighted design, the RS structure allows

each digital code to be created by multiple different assemblies of unit-components (i.e.,

microstates). The microstates express different but partially correlated distribution with

respect to random mismatch error.

Figure 2.8 illustrates a simple RS structure, which represents AD/DA conversion pro-

cesses - the essential functional blocks of many neural recorders and stimulators. The con-

verter has an N = 3 bits resolution and consists of 2N − 1 = 7 physical unit-components.

In integrated circuits, each unit-component could be a unit-capacitor, unit-transistor, unit-

resistor, etc. The conventional binary-weighted design is orthogonal, where it only allows

each digital code to be represented by a unique assemble of unit-components. In contrast,
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the RS structure is non-orthogonal and satisfies both RPR and ETR criteria. It permits

each digital code to be created by multiple different assemblies (i.e., microstates). The total

number of microstates grows exponentially as the resolution N increases. The microstates

express different but partially correlated distribution with respect to random mismatch er-

ror. A significant boost in precision can be achieved by selecting the microstates with the

least error for every code.

2.2.2 Formulation of Redundant Sensing

Figure 2.9: Illustration of mismatches in data quantization processes. (A) Mis-

matches in a two-dimensional quantizer like the human eye. (B) Mismatches in a zero-

dimensional (scalar) quantizer like the AD and DA conversion.

AD/DA processes in neural recorders and stimulators are examples of quantizers and

dequantizers. Data quantization is the partition of a continuous n-dimensional sample space

into numerous discrete regions. Figure 2.9(A, B) illustrate examples where the human eye

is a two-dimensional quantizer while the recorder’s ADC is a zero-dimensional (scalar)

quantizer. In ideal conditions, optimal data conversation is achieved with a set of uniformly

distributed quantization regions. In practice, the individual quantization region always

deviates from its nominal form due to random variations of the physical entities that produce

the partition. Figure 2.9(A, B) further illustrate individual pixel of the retina deviating from

the ideal morphology and individual analog level of the ADC drifting from the uniform

allocation. These random variations, i.e., mismatches, contribute to the data conversion

error.

An ADC/DAC with an “intrinsic resolution” N -bit is a scalar quantizer that divides

the continuous sample space [0, 1] into 2N regions ∆0, ...,∆2N−1 with nominal unity length

1/2N , i.e. least-significant-bit (LSB). The quantization regions are defined by a set of

discrete references {θ0, ..., θ2N }, where 0 = θ0 < θ1 < ... < θ2N = 2N . An analog input xA
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is assigned the digital code d ∈ {0, 1, 2, ..., 2N − 1}, if it falls into region ∆d defined by

xA ← d ⇔ xA ∈ ∆d ⇔ θd ≤ xA < θd+1. (2.5)

The “effective resolution” of the N -bit ADC can be measured by its Shannon entropy

HN [7, 44], which quantifies the maximum amount of information that could be acquired

by the data conversion process:

HN = − log2
√

12 ·MN

MN =
2N−1∑
d=0

∫ θd+1

θd

(
xA −

d+ 0.5

2N

)2

dxA
(2.6)

where MN is the normalized total mean-square-error integrated over each digital code. By

definition, the effective resolution HN is always less than the intrinsic resolution N if there

are any mismatches resulting in the non-uniform distribution of the references. This is

referred to as the “Shannon limit” of the quantizer. The minimum value of MN when there

is no mismatch error is the quantization noise Q:

HN ≤ N

HN = N when : Q = min{MN} = 2−2N/12 ⇔ θd+1 − θd = 1/2N , ∀d
(2.7)

The mismatch error in most ADC/DAC implementation could be characterized by ana-

lyzing the references {θ0, ..., θ2N } which are generated by assembling an array of 2N identical

physical unit-components. The precise matching of these unit-components determines the

precision of the conversion. Due to random fabrication variations, undesirable parasitics,

and environmental interference, each unit-components follows a probabilistic distribution,

which we assume to be a priori. Let individual identical and independent unit-component cu

has a Gaussian distribution2 with a mismatch ratio σ0, then a group of k unit-components

would also have a Gaussian distribution with a mismatch ratio
√
kσ0:

cu ∼ N(1, σ20)

c = k{cu} ∼ N(k, kσ20)
(2.8)

Figure 2.10 presents Monte Carlo simulation results showing the impact of mismatches

on the conventional quantizer’s effective resolution measured by the Shannon entropy. The

conventional quantizer uses a binary-weighted component set consisting of the following

2Gaussian distribution is selected as a rule of thumb due to the central limit theorem. The real-life
distribution of random mismatches may be more complex. For example, transistor mismatches have different
characteristics from capacitor mismatches
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Figure 2.10: Impact of mismatches on the quantizer’s effective resolution. (A)

The quantizer’s effective resolution (Shannon entropy) could be significantly degraded by

mismatch error. (B) The mismatch-to-quantization ratio indicates that mismatch error is

the dominant type of data conversion error in the high-resolution system. The proposed RS

architecture allows suppressing mismatch error below quantization noise, thus approaching

the Shannon limit.

groups of unit-component: CBW = {1, 20, 21, 22, ..., 2N−1}. Figure 2.10(A) shows that the

effective resolution is significantly degraded due to the mismatch error. The impact becomes

especially more profound in the high-resolution system. Figure 2.10(B) quantifies the pro-

portion of error contributed by each source by measuring the mismatch-to-quantization

ratio (MQR):

MQR = (M −Q)/Q. (2.9)

It is evident that mismatch error would be the dominant source causing data conversion

error at a high resolution. The Shannon entropy further implies that mismatch error is

the fundamental problem relating to the reference set’s physical distribution. Thus post-

conversion calibration methods like [170, 180] would be ineffective in removing mismatch

error because they do not modify references themselves. A standard workaround solution

uses larger components, thus better matching characteristics; however, this incurs penalties

concerning cost and power consumption.

In [128], we propose a class of component set satisfying the RS criteria that are inspired

by the binocular structure of the human visual system. An RS system with a geometrical
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identity N0 · (N1, s) yields the following groups of unit-components:

CRS = CRS,1 ∪ CRS,0

CRS,1 = {c1,i|c1,i = 2N0−N1+i−s}, i ∈ [0, N1 − 1]

CRS,0 =

{
c0,j |c0, j =

2j , if j < N0 −N1

2j − c̄1,j−N0+N1 , otherwise

}
, j ∈ [0, N0 − 1]

(2.10)

where 1 ≤ N1 < N0, 1 ≤ s ≤ N0 − N1. The special case of CRS where N1 = N0 − 1 and

s = 1 called the “half-split” (HS) array has been demonstrated in [126]. It has the following

component set:

CHS = CHS,0 ∪ CHS,1

CHS,0 = {20, 21, ..., 2N0−2} ∪ {20}

CHS,1 = {20, 21, ..., 2N0−2}

(2.11)

The HS design has the largest number of components among the RS structures, thus the

greatest degree of redundancy while containing a reasonable number of components of 2N0−
1. Also, the simplicity of the design allows it to be implemented in hardware with minimal

complexity.

Figure 2.10 further shows the impact of mismatches if an RS half-split array could be

fully optimized. To show the RS technique’s upper bound, we use the brute-force approach,

which searches for the optimal microstate at each digital code by going through all the

components’ possible assemblies. Figure 2.10(A) indicates that the RS technique can correct

almost all the mismatch error and bring the effective resolution approach the Shannon limit

even for a large mismatch ratio σ0 = 10%. Figure 2.10(B) further demonstrates this effect

by showing that the RS technique reduces the mismatch error below the quantization noise

at all resolutions.

Figure 2.11(A) shows the similar concept applied to an N = 10 bits device with a total

of 2N − 1 = 1023 unit-components. We examine two different classes of RS component set

design with the following geometrical identity C1 ≡ 10·(9, 1) and C2 ≡ 10·(8, 1). In both RS

sets, the number of microstates representing each digital code increases exponentially with

N , which results in an excessive redundancy level. In contrast, the conventional binary-

weighted set only yields one configuration for each digital code. Furthermore, the different

geometrical identities result in a different distribution of the number of microstates. C2 has

a “flatter” distribution of microstates across the sample space than C1, which could be a

more efficient use of redundancy.

Figure 2.11(B) presents simulation results of the overall system error using the Monte

Carlo method (n = 104) with the error distribution of the unit-components as a prior.
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Figure 2.11: Distribution of redundancy and mismatch error suppression. (A)

The distribution of information redundancy can be engineered by designing the RS compo-

nent set. Here we show two different component sets for a 10-bit system that yield different

distributions of the number of microstates. (B) Monte Carlo simulations (n = 104) show

that the RS technique can substantially suppress the error and enhance the system’s effec-

tive resolution. The error is further suppressed in regions with higher levels of redundancy.

At each digital code, the component assembly with the least amount of error is found by

exhaustive search. The data demonstrate that the RS technique can substantially suppress

the system’s error leading to major precision enhancement. Moreover, the error reduction’s

effectiveness is correlated to the level of redundancy: the more microstates that represent

the same code, the least amount of error can be attained.

2.2.3 RS-based Analog-to-Digital Converter

In the previous work [126], we design and verify the functionality of a proof-of-concept RS-

based ADC in integrated circuits to demonstrate the feasibility of the RS architecture. The

nature of hardware implementation limits the deployment of sophisticated learning and

optimization algorithms. Instead, the circuit relies on a heuristic approach to efficiently

estimate the mismatch error and adaptively reconfigure its components in an unsupervised

manner. The detailed hardware algorithm and circuit implementation are presented in [126].

Here we only briefly summarize the techniques and results.

The ADC design is based on the switched-capacitor successive-approximation regis-
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Figure 2.12: Implementation and verification of an RS-based SAR ADC. (A)

Monte Carlo simulations of the unsupervised heuristic error estimation and calibration

technique for a 14-bit SAR ADC. (B) The chip micrograph of the RS-based SAR ADC. (C)

Differential nonlinearity (DNL) and (D) integral nonlinearity (INL) measurement results.

ter (SAR) architecture with a 14-bit intrinsic resolution. Conventional SAR ADC with a

binary-weighted component set is not often designed with a resolution beyond 12-bit due to

capacitor mismatches. The RS-based ADC has an effective component set corresponding to

the geometrical identity 14 · (13, 1) as follows {1, 1, 1, 2, 2, 4, 4, ..., 212, 212}. The components

are implemented using unit-capacitors with the mean capacitance of 22fF, the smallest ca-

pacitance available in the CMOS process, thus having the largest mismatch ratio. The

mismatch ratio is approximately 2-3%, which would limit the effective resolution to 10-bit

or below for previous works reported in the literature [42,120,121].

The ADC is initialized in an auto-calibration mode, following by the normal data conver-

sion mode. In the auto-calibration mode, the device estimates each component’s mismatch

error by comparing the capacitors with similar nominal values. The procedure is unsu-

pervised and fully automatic. The result is a reduced dimensional set of parameters that

characterize the distribution of mismatch error. In the data conversion mode, the device
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employs a heuristic algorithm that utilizes the estimated parameters to generate the com-

ponent assembly with near-minimal mismatch error for each reference. A key technique is

to shift the MSB’s capacitor utilization by exchanging the components with similar weight

and compensating for the left-over error using the LSB. Although the algorithm has the

complexity of O(N0 + N1), the parallel implementation allows the computation to finish

within a single clock cycle.

By assuming the LSB components contribute an insignificant level of mismatch error,

this heuristic approach trades accuracy for speed. However, the excessive amount of redun-

dancy guarantees the convergence of an adequate near-optimal solution. Figure 2.12(A)

shows simulated plots of effective resolution versus unit-capacitor mismatch ratio, σ0(Cu).

With the proposed method, the effective resolution is shown to approach the Shannon limit

even with large mismatch ratios. It is worth mentioning that we also take the mismatch

error associated with the bridge-capacitor, σ0(Cb), into consideration. Figure 2.12(B) shows

the chip micrograph. Figure 2.12(C, D) gives the measurement results of standard ADC

performance merit in terms of differential nonlinearity (DNL) and integral nonlinearity

(INL). The results demonstrate that a 4-6 fold increase of linearity is feasible.

2.3 RS-based Super-Resolution Technique

2.3.1 Code Diffusion Enables Super-Resolution

Super-resolution is a technique that aims at achieving an effective resolution exceeding the

precision that the system’s resource constraints commonly permit. They have wide appli-

cations in various fields of engineering and science concerning imaging and instrumentation

where higher resolution data acquisition is always desired [108,139,166,196]. Previous super-

resolution techniques focus on recovering fine details of the object of interest by integrating

the information obtained from coarse observations.

These techniques could be generally divided into two primary classes: modeling-based

and oversampling-based, which are also known as single-frame and multi-frame in image

processing. Modeling-based (single-frame) techniques focus on modeling the input sources

from available data points and reconstructing the missing information through approxi-

mation. In these techniques, super-resolution is achieved by relying on known statistical

properties of the input signals, such as their sparse property as utilized in compressive sens-

ing [15, 174, 190], or properties extracted from numerous example data as utilized in many

machine learning-based methods [18, 43, 52, 108, 167]. On the other hand, oversampling-

based (multi-frame) techniques acquire and combine multiple samples of the input obtained

at various spatial or temporal instants to extract the sub- least-significant-change infor-

mation. In these techniques, super-resolution is possible because the low-resolution data
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contain aliasing, which embeds high-resolution contents that can be extracted with a suf-

ficient amount of data by algorithm-based (e.g., denoising, deconvolution, etc.) [40, 111] or

machine learning-based methods [40,70,105].

Figure 2.13: Code diffusion enables super-resolution in the presence of the mis-

matches. (A-C) are estimated probability density functions of all the references generated

by an example RS structure at various mismatch ratio 0-10%. (D-F) are respective zoom-in

views of (A-C). In the absence of mismatch error, regardless of how the unit cells are grouped

and assembled, the system can only generate a finite number of references belonging to a set

of discrete values. With a sufficient level of mismatch ratio, the references “diffuse” evenly

across the sample space, which allows approximating elements of a higher-resolution.

The proposed super-resolution technique based on RS is fundamentally different from

previous approaches because it does not involve reconstructing the missing information

or relying on the input data’s statistical properties. Here we show that mismatch error

allows actual values of the system’s redundant configurations to “diffuse” into the neighbor

sample space. With a sufficient level, an RS structure has the information capability to

quantize the data an effective resolution beyond the conventional resource constraints. The
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super-resolution capability has been embedded in the sensor’s endogenous structure once

fabricated, thanks to its redundant architecture. This “hidden” potential must be revealed

by optimization in order to achieve super-resolution data acquisition. The optimization

process only needs to be done once for each sensor and is independent of the input signals.

Once optimized, the sensor can capture any signal at super-resolved resolution regardless

of their statistical distributions. This is achieved not only because of the RS architecture

itself but also by elegantly manipulating mismatch error - an undesirable precision-limiting

factor in conventional designs.

Figure 2.13 illustrates a property of the RS structure called “code diffusion”, which is

the key to enables super-resolution. The figure shows the estimated probability density

function of all the references {θ0, θ1, ...} that can be generated by an example RS structure

at various mismatch ratio σm. Monte Carlo simulations (n = 1000) are performed on a

redundant structure similar to one implemented in [126] with N0 = 10.

Clearly, in the absence of mismatch error or σm = 0 (Figure 2.13(A, D)), regardless of

how the unit-component are grouped and assembled, an array of 2N0 −1 identical units can

only generate a finite number of references belonging to the following discrete set of values:

ΘN0 = { 0

2N0
,

1

2N0
, ...,

2N0 − 1

2N0
,
2N0

2N0
} (2.12)

ΘN0 is regarded as the “intrinsic reference set” corresponding to an effective resolution N0.

The elements of ΘN0 are marked by Dirac delta functions in Figure 2.13(A, D).

As σm assumes non-zero values (Figure 2.13(B, E)), the probability density segment cen-

tered at each element of ΘN0 is widen as the actual values generated by different component

assemblies begin “diffusing” into the neighbor sample space. This property is unique to an

RS structure because (i) numerous different component assemblies can generate references

with the same nominal values (i.e., RPR), and (ii) the distribution of these assemblies are

partially independent with respect to random mismatch error (i.e., ETR). Subsequently,

the spreading of the probability density occurs at every trial of mismatch error, not merely

the result of the Monte Carlo sampling.

In an ordinary quantizer, code diffusion is undesirable because it makes the references

deviate from ΘN0 , thus results in the degradation of the Shannon entropy. However, from

another perspective, code diffusion implies that the same system could generate references

within the sample space’ regions that are belonged to the intrinsic reference set of a higher

resolution Nk = N0 + k:

ΘNk = { 0

2Nk
,

1

2Nk
, ...,

2Nk − 1

2Nk
,
2Nk

2Nk
} (2.13)

where ΘN0 ⊂ ΘN1 ⊂ ... ⊂ ΘNk (k = 1, 2, ...) as marked in the x-axis of Figure 2.13(D, E,
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F). With a sufficient level of mismatch ratio (Figure 2.13(C, F)), the reference’s probability

density covers almost all the sample space with relatively even chances. Subsequently, there

is an adequate possibility a set of assemblies closely approximating ΘNk can be found that

would allow sampling at an effective resolution Nk beyond the system intrinsic resolution

N0. It is also interesting to point out that mismatch error, which is conventionally regarded

as an undesirable non-ideal factor, is the crucial element that enables super-resolution.

Maximal effectiveness of super-resolution is obtained only when the mismatch ratio reaches

a certain level of ∼10%, which is considered excessive large in many ordinary applications.

Such a mechanism is only possible because the number of distinct references generated

by an RS structure is significantly larger than the cardinality of both ΘN0 and ΘNk due to

redundancy. In an orthogonal structure such as the binary system, the number of distinct

references is strictly 2N0 = |ΘN0 |, which is smaller than |ΘNk | for all k. Furthermore, the

number of different component assemblies and the mutual correlation between them play an

important role. Ideally, we want the assemblies to spread evenly across all the sample space

to have the maximum chance of approximating ΘNk . This characteristic is determined by

the device’s internal architecture, i.e., how the components are designed.

2.3.2 Unit-Component Grouping Optimization

The manner in which unit-components are arranged into the component set determines

the structure of redundancy. Let assume a given grouping method assembles 2N0 − 1 unit-

components into n components with the nominal weight C̄ = {c̄1, c̄2, ..., c̄n} and the actual

weight C = {c1, c2, ..., cn} with respect to random mismatch error. Each subset of C,

encoded by the binary string d = d1d2...dn (di ∈ {0, 1}), generates a normalized reference

θd as follows:

θd = Σn
i=1dici/(1 + Σn

i=1ci) (2.14)

Let Φ is the set of all references that can be generated by the system. To achieve an effective

resolution Nk is essentially to search for a subset Θ̂Nk ⊂ Φ that closely approximates ΘNk .

Clearly, super-resolution can only be accomplished in a redundant structure as |Φ| > |ΘNk |
or n > Nk.

There is no limitation to how the unit-component are grouped. While the grouping

method does not alter the number of unit-component, thus has little effect on the resource

constraints, it determines the system’s endogenous architecture and greatly affects the ref-

erences’ number and distribution. The design of the grouping method differentiates one

redundant structure from another. In the previous section, we have examined the conven-

tional BW structure and compared it against the proposed RS architecture (Equation 2.10)

as well as its special case, the HS structure (Equation 2.11).

The HS design has the largest number of components among the RS structures, thus
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Figure 2.14: Effect of grouping on redundancy distribution and error suppres-

sion. (A) The redundancy distribution two different grouping methods. The UN method

is designed to have a more uniform distribution across different regions of the sample space,

especially the two ends, which would translate to better super-resolution potential. (B)

Average root-mean-square error (RMSE) computed over the sample space (the x-axis only

shows the first and last 5% of the sample space). The UN method allows shaping the error

to the two ends of the sample space, maximizing the effective sampling range.

the greatest degree of redundancy while containing a reasonable number of 2N0 − 1. Also,

the design’s simplicity allows it to be implemented in hardware with minimal complexity

as presented in [126]. The distribution of ΦHS is shown in Figure 2.14(A). While the HS

method has a high redundancy level, their distributions are not necessarily optimal for

achieving super-resolution. The references mostly concentrate on the sample space’s middle

region, leaving the two ends inadequately covered and vulnerable to errors.

Here we propose an enhanced grouping method that is specifically designed to support

SR. It has a more uniform distribution of references to maximize the coverage of the sample

space. The “UNiform” (UN) method yields the following component set:

CUN = CUN,0 ∪ CUN,1 ∪ ... ∪ CUN,blog2N0c

CUN,i = {ci,j |ci,j = 2j}

CUN,0 =

{
c0,l|c0,l =


2l, if l < N0 −N1

2l −
blog2N0c∑
m=1

2l−N0+Nm , otherwise

} (2.15)

where Ni = dNi−1/2e ∀i ∈ [1, blog2N0c], j ∈ [0, Ni−1], l ∈ [0, N0−1]. The intuition behind

the UN design is to divide the components of a binary-weighted array into numerous sub-
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arrays with different resolutions N1, N2, ... that reduce in log scale. This maximizes the

distribution of small and large components over the digital codes while retaining the total

number of components at a reasonable value of 2N0, similar to the HS structure. All the

remaining components form the base array CUN,0.

As a comparison, with N0 = 10, the BW, HS, and UN methods yield the following

nominal component set:

CBW = {1, 2, 4, 8, 16, 32, 64, 128, 256, 512} (10 elements)

CHS = {1, 1, 1, 2, 2, 4, 4, 8, 8, 16, 16, 32, 32, 64, 64, 128, 128, 256, 256} (19 elements)

CUN = {1, 1, 1, 1, 2, 2, 2, 2, 4, 4, 4, 8, 8, 16, 16, 31, 62, 123, 245, 490} (20 elements)

(2.16)

As shown in Figure 2.14(A), the UN method gives a significantly “flatter” distribution of

references, which would translate to more even code diffusion over different regions of the

sample space. In the following sections, we will show this property helps suppress errors

near the two ends of the sample space and results in more super-resolution potential in

general.

Figure 2.14(B) shows the distribution of the root mean square error (RMSE) over the

sample space or the value of
√
MNk(d) at each digital code d. At a high-resolution, errors

mostly occur at the two ends of the sample space. These regions have a lower level of redun-

dancy, as implied by the code distribution presented in Figure 2.14(A). The UN technique

is designed to better spread the codes compared to the HS design, thus helping mitigate

parts of the error by shaping it to the extreme ends. However, because of the grouping’s

nature, it is mathematically impossible to cover all the sample space equally.

2.3.3 Beyond the Shannon Limit

Super-resolution in the context of this work should be understood as a resource-constraint

problem. A sensor’s precision consists of 2N0 − 1 unit-component is previously thought to

be bound by the Shannon limit of N0 determined by quantization error. By arranging the

unit cells in a specific manner to realize a redundant structure and exploiting the statistical

property of random mismatch error, we aim to achieve an effective resolution beyond this

conventional “limit”.

The Shannon limit exists because the ordinary expression of entropy as shown in Equa-

tion 2.6 is computed against a reference set of only 2N0 + 1 values {θ0, ..., θN0} which is the

maximum number of distinct references a conventional binary-weighted array can generate.

This limitation does not apply to a redundant architecture. An HS or UN structure has a

reference set ΦHS/ΦUN with as much as ∼ 22N0 distinct elements. The key to achieve super-

resolution is to find a subset Θ̂Nk from ΦHS/ΦUN such that Θ̂Nk closely approximates the
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intrinsic reference set ΘNk at the resolution Nk. This can only be accomplished when there

are random mismatches that allow the elements of ΦHS/ΦUN to diffuse across the sample

space. Hence, the concept of super-resolution does not contradict the conventional Shannon

limit, but a new interpretation of the Shannon theory beyond its ordinary understanding

that only applies in a practical redundant architecture.

Figure 2.15: Achievable super-resolution in HS and UN redundant structures.

(A, B) mean and (C, D) std of the Shannon entropy (effective resolution) of a 10-bit system

at various targeted super-resolutions. With sufficient mismatch ratio, 3-4 bits increase of

effective resolution or 8x-16x enhancement of precision is feasible.

The Shannon entropy in Equation 2.6 can be conveniently modified to represent the

effective resolution at a targeted resolution Nk by replacing N0 ← Nk and extend the scope

to θd to include all the values in Θ̂Nk . Figure 2.15 show the mean and standard deviation of

the estimated entropy of an N0 = 10 bits device using Monte Carlo simulations (n = 1000)

at various targeted resolution and mismatch ratio. The optimal set Θ̂Nk is found using an

exhaustive search.

As our analysis of code diffusion suggested, the best performance of super-resolution is
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obtained with the mismatch ratio above ∼ 10%. Both HS and UN grouping method offers

3-4 bits increase of effective resolution or 8x-16x enhancement of precision. The entropy’s

std is less than 0.2-bit within 10-50% mismatch ratio where the UN method has a marginally

better outcome. These results suggest that the solution for super-resolution is consistent

in practical applications and would translate to the good yield of the device under random

error.

Furthermore, the mechanism’s consistency implies that mismatch error may not need to

be truly “random”. In certain applications, 10% random deviation may seem unrealistic.

Instead, the deviation can be intentionally added to the structure during the design process.

Even if these artificial pseudo-random deviations could carry a certain level of error, the

super-resolution mechanism’s consistency guarantees that a solution can always be found.

Nevertheless, we argue that many applications actually do not utilize the entire sample

space equally for numerous practical reasons. The majority of sensors are calibrated such

that the signals that need to be captured fall within the middle of the sample space. This

is because most signals do not distribute uniformly across the sample, “centering” the data

minimize the chance of the signal going beyond the sampling range, causing distortion and

loss of information. Suppose we can ignore the two extreme ends; the proposed technique

allows realizing a continuous sampling range centered at the middle of the sample space

where the overall effective resolution can be significantly enhanced.

Let δ ∈ [0, 1] is the length of a continuous region centered at the middle of the sample

space where data are captured. This effectively reduces the full-range and dynamic range

of the device which results in a lower Shannon limit:

max(HNk,δ) = log2(δ2
Nk) = Nk + log2 δ (2.17)

The normalized total mean square error and entropy are now only integrated over a smaller

range of digital codes:

MNk,δ =

b(1− 1−δ
2

)·2Nkc∑
d=b 1−δ

2
·2Nkc

∫ θd+1

θd

(
xA −

d+ 0.5

2Nk

)2

dxA

HNk,δ = − log2
√

12 ·MNk,δ

(2.18)

Figure 2.16 shows the estimated entropy of the same system in Figure 2.15 but at

δ = 95% sample space. The UN method excels over the HS structure because it is specifically

designed to minimize errors at two ends. By sacrificing 5% of the sample space - a reasonable

engineering trade-off, an increase of 8-9 bits effective resolution or 256x-512x enhancement

of precision is feasible with the UN structure.

36



Figure 2.16: Achievable super-resolution in HS and UN redundant structures

with a reduced range. (A, B) mean and (C, D) std of the Shannon entropy (effective

resolution) for a 10-bit system at 95% sample space and various targeted super-resolutions.

By sacrificing 5% of the sample space, a reasonable engineering trade-off, an increase of

8-9 bits effective resolution or 256x–512x enhancement of precision is feasible with the UN

structure.

2.3.4 Super-Resolution Digital-to-Analog Converter

The proposed super-resolution technique can also be applied to enhance the performance of

numerous biomedical devices that employ a DAC. For example, electrical neural stimulators

such as [66, 127, 137, 192] require a DAC to generate its internal reference current. Higher-

resolution DAC is always desirable as it gives more precise control of the stimulation current

in a wider range, which could imply better modulation of different neural circuits. In another

example, many ultrasound imaging modalities employ a DAC to generate the necessary

analog signals in their transmission stage. High-precision commercial DACs up to 12 bits

and beyond have been used in various systems such as [46,78,79] to facilitate their operation.

Implementing such high-precision DACs (10-12 bits) on-chip is generally challenging and

expensive because they occupy a large silicon area, especially in high-voltage processes
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(>30V). The proposed super-resolution technique could greatly benefit these designs by

help achieving a similar resolution with a much lower cost.

Figure 2.17: A practical design of a super-resolution DAC for neural stimulators.

(A) The functional blocks of a neural stimulator design and the schematic of its IDAC,

where each unit cell is a MOS transistor. (B) Monte Carlo simulations at the schematic

level using the transistor’s statistical model (both process and variation) show an average

of 12-bit effective resolution from an 8-bit system can be achieved.

As a proof-of-concept demonstration, we examine the feasibility of applying the proposed

technique to enhance the precision of the fully-integrated neural stimulator reported in [127].

Figure 2.17(A) shows the functional blocks of the neural stimulator and the schematic of its

IDAC, where each unit cell is a MOS transistor. Although mostly time-invariant, transistor

mismatch is particularly complex because it depends on the device’s physical size (W/L)

and the operating conditions such as biasing voltage, loading current, parasitics, etc. As

a proof-of-concept demonstration, we design and simulate a super-resolution DAC in the

GlobalFoundries BCDLite 0.18µm process using 30V transistors with minimum feature size

(W/L = 4.0/0.5µm). The proposed super-resolution technique can be seamlessly embedded

into the standard cascode current DAC by choosing an appropriate component set. In

this example, the DAC architecture employs the UN grouping at an intrinsic resolution

of N0 = 8 bits, which yields a component set of {1, 1, 1, 1, 2, 2, 2, 4, 4, 8, 8, 15, 30, 59, 117}
(Σ = 28−1 = 255). Monte Carlo simulations (n = 16) at the schematic-level are performed

using the transistor’s statistical model (both process and variation) provided by the foundry

without any added pseudo-random mismatch. The model should account for most of the

mismatch except for the parasitic resistance of metal connections in the layout. Figure

2.17(B) shows the simulation results where an average of 12-bit effective resolution or a

gain of 4-bit extra precision at δ = 95% can be achieved by solely exploiting the natural

mismatch of the transistors. The results show a concrete example of utilizing the proposed

super-resolution mechanism to enhance the performance of a high-precision device.
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Moreover, unlike the ADC example, the stimulator’s operations are always governed by

an external controller during normal operation. The controller regularly communicates with

the stimulator to update its parameters and trigger its function when needed. Subsequently,

the optimal system setting at every DAC output can be determined upfront via foreground

calibration and saved on external memory, i.e., a look-up table, which is accessed by the

controller at any instant. This effectively circumvents the computational-hard problem by

diverting it into a memory-hard problem, which could be more easily handled in certain

circumstances. For instance, assuming a targeted super-resolution of 16-bit is to be achieved

with 20 components, storing all the optimal configurations would require 216×20 = 1.3 ·106

bits or 163KB of memory per DAC - a trivial amount for off-chip flash memory.

2.4 Redundant Crossfire Technique

2.4.1 High-Precision Neural Stimulator

Like any analog integrated circuit (IC), it is challenging to implement a high-precision

neural stimulator without incurring penalties such as large silicon area and/or high power

consumption because of the mismatch error. Studies have shown that the random mismatch

error is one of the major factors limiting the design’s effective resolution [34,90], especially

when scaling down the circuits to submicron CMOS processes [2,197]. Arising from random

variations in the lithography process and beyond the designers’ control, mismatch error is

the scourge of high-precision analog IC designs [60]. Nearly all neural stimulator designs are

affected because mismatches appear in any component, such as transistors, diodes, resistors,

and capacitors. Current-controlled stimulators (CCS) like this work and [86, 98, 102, 109,

110,135,148,168,202] are mostly affected by transistor mismatches, while voltage-controlled

stimulators (VCS) [4,156] and switched-capacitor stimulators (SCS) [99,100,103] are mostly

affected by transistor and capacitor mismatches. Mismatches influence the circuit’s ability

to produce precise current/voltage output and the matching between the negative and

positive stimulation phases leading to charge imbalance issues. Compensating for these

errors requires extra calibration circuits that add complexity, area, and power.

Here we present an entirely different approach to address this challenge, not by avoiding

or compensating the mismatch error, but by embracing and exploiting excessively large

mismatches to achieve super-resolution over 10-fold beyond the intrinsic resolution of the

design. The proposed circuit technique is called redundant crossfire (RXF), which involves

combining (i.e., crossfiring) the output of two or more current drivers to form a redundant

structure. In the presence of large random mismatch errors (10-20%), such redundant

structure can be configured to generate the output with an effective resolution that is

many folds above the Shannon limit determined by the physical constraints, such as the
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number of unit-transistors. RXF is a practical derivation of RS-based super-resolution,

where information redundancy is elegantly engineered and manipulated to boost the system

precision. Furthermore, by handling extremely large mismatches, the proposed technique

opens up possibilities for implementing precise analog circuits in deep submicron technology.

Figure 2.18: Concept of RXF technique in high-precision neural stimulator

designs. (A) Conceptual design of a standard biphasic stimulator where several current

drivers with a low-resolution multiplying factor share an IDAC. (B) The proposed RXF

technique involves combining and synchronizing (i.e., “crossfiring”) the output of two or

more drivers. Each driver contributes a small amount of current to generate the final

stimulation pulse.

Figure 2.18(A) shows the conceptual design of a standard biphasic, current-mode stimu-

lator, which consists of a current digital-to-analog converter (IDAC), current mirror circuits,

anodic (positive) and cathodic (negative) output current drivers/multipliers. The drivers

perform dual functions: scaling the IDAC current by a multiplying factor and driving the

constant current to the electrode. In each channel, there is one IDAC that is shared among

several different drivers. Subsequently, the anodic iA and cathodic iC output current are as

follows:

iA = IIDAC · xSA = Iref · xD · xSA
iC = IIDAC · xSC = Iref · xD · xSC

(2.19)

where Iref is a fixed reference current, (xSA, xSC) are the multiplier codes, and xD is the

IDAC code.

Figure 2.18(B) shows an RXF structure is created by combining or “crossfiring” the

output of two or more drivers. Each driver contributes a small amount of current, which

40



can be independently adjusted to generate the final stimulation pulse. The timing of the

pulses produced by different drivers must be synchronized, i.e., the anodic and cathodic

currents are turned on/off at exact moments such that they behave like a single stimulation

channel. This can be easily achieved with an on-chip timing generator.

Figure 2.19: Crossfiring two or more drivers effectively creates an RS structure.

This allows similar outputs can be generated by numerous different configurations of the

IDAC and multiplier. (A) Examples of several circuit configurations that produce the

same theoretical output with no mismatch. (B) Distribution of the number of redundant

configurations corresponding to each output code in a single driver, a 2-way RXF structure,

and a 3-way RXF structure (ND = 5, NS = 4).

The RXF structure is redundant because a similar output code can be generated by

numerous configurations of the IDAC and multiplier. Figure 2.19(A) presents examples of

several circuit configurations that produce the same theoretical output when there is no

mismatch error. Here the IDAC’s resolution is ND = 5, and the multiplier’s resolution

is NS = 4. Both four configurations of different IDAC and multiplier values generate the

same output code iD = 8. In practice, there are tens to hundreds of distinct configurations

associated with each output code. They have complex mutual relationships that depend on

the resolution of the IDAC, multiplier, and the number of crossfire drivers.

The total number of non-zero, distinct configurations in an n-way RXF structure with

n crossfired drivers is as follows:

Σ(n) = (2ND − 1) · [(2NS)n − 1] (2.20)

With each additional crossfire driver, the physical resources (i.e., chip area) increase linearly

while the number of configurations (i.e., level of redundancy) grows exponentially. Figure

2.19(B) presents the distribution of the number of redundant configurations corresponding

to each output code in a single driver, 2-way RXF, and 3-way RXF structure (ND =
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5, NS = 4) across the sample space. Additional crossfire drivers extend the max output and

exponentially increase the level of redundancy, which is essential to achieve super-resolution.

2.4.2 Super-Resolution Current Driver

Figure 2.20: Code diffusion in RXF structure enables super-resolution. (A) When

there is no mismatch, redundant configurations generate the exact same analog output. (B)

With random mismatch error, the actual values of different outputs begin to deviate from

their original states and “diffuse” into the adjacent sample space. (C) With large mismatch

error, their values distribute evenly across the sample space and allow generating sub-integer

codes (super-resolution) that are not normally possible.

An RXF design exhibits code diffusion, which enables super-resolution. Figure 2.20

shows the distribution of the analog outputs produced by different configurations in a 2-

way RXF structure3. With no mismatch errors (Figure 2.20(A)), redundant configurations

generate the same analog outputs that are centered at integer codes [0, 1, 2, 3,...]. Their

distributions are represented by Dirac delta impulses with the weight equal to the number

of configurations. With small random mismatch errors (Figure 2.20(B)), the actual values

of different analog outputs begin to deviate from their original states and “diffuse” into the

adjacent sample space. With large mismatch errors (Figure 2.20(C)), the analog output

values distribute evenly across the sample space.

Code diffusion allows generating sub-integer codes [0.1, 0.2, 0.3,...] with a certain prob-

ability that is not normally possible. These sub-integer codes correspond to the sample

space’s finer partition, thus an effective super-resolution beyond the baseline figure. For

example, to achieve (+1) super-resolution, redundant configurations that generate all the

sub-integer codes [0, 0.5, 1, 1.5,...] must be found. To achieve (+2) super-resolution, the

required sub-integer codes are [0, 0.25, 0.5, 0.75, 1,...]. While identifying the correct config-

3The distributions in Figure 2.20(B, C) are computed using kernel density estimation with a bandwidth
h = 0.01, number of random samples N = 1, 000.
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uration for every output code is an NP-hard optimization problem, it is only possible in an

information redundant architecture such as RS. The probability of accomplishing this task

is maximized when the codes distribute evenly across the sample space, as shown in Figure

2.20(C).

Figure 2.21: Substantial precision enhancement can be achieved with RXF.

We perform Monte Carlo simulations (N = 1, 000) with a 2-way RXF structure with low-

resolution IDAC and multiplier (ND = 5, NS = 4). The (A) effective resolution and (B)

effective sensitivity are calculated for each value of the output range. At a practical range

of about 80% of the maximum output code, RXF enables super-resolution with 2-3 bits (4-8

times precision) beyond the intrinsic resolution. (C) The effective resolution at different

output ranges shows larger mismatches up to 10-20% result in better performance. (Shaded

error band = 1 std)

Monte Carlo simulations are used to evaluate the theoretical super-resolution that can be

achieved with the proposed method. Figure 2.21 presents the simulation results (N = 1, 000)

where even a 2-way RXF structure with low-resolution IDAC and multiplier (ND = 5, NS =
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4) is sufficient to facilitate substantial precision enhancement. Here the mismatch error

is applied to elements of both the IDAC and multiplier. In each simulation, the RXF

structure is optimized by a brute-force approach, i.e., sorting through all the redundant

configurations and find ones that generate the desired output with the least amount of

error. The effective resolution is the Shannon entropy computed with Equation 2.6. The

effective sensitivity measures the smallest change in output current and is calculated from

the effective resolution divided by the output range. The metrics are evaluated for all values

of the output range from 0 to the maximum value of n(2ND − 1)(2NS − 1) LSB. Here 1 LSB

is equal to the reference current Iref.

Effective precision is highly correlated with the distribution of redundancy. Figure

2.21 indicates the practical output range of about 80% of the maximum value where 2-

3 bits super-resolution (4-8 times precision) beyond the baseline is feasible. This output

range corresponds to a region of the sample space shown in Figure 2.21(B) that contains

the majority of redundant configurations. Beyond this point, the precision drops rapidly

because there is less redundancy.

Furthermore, the results of Figure 2.21 clearly demonstrate a unique and fundamental

property of the proposed method: mismatch error is utilized to enhance precision. Unlike

any previous design in the literature, the proposed system becomes more precise when the

mismatch ratio increases from 0 to 10%. This is because a larger mismatch error leads

to a more even distribution of redundant values across the sample space (Figure 2.20),

which maximizes the probability of finding a configuration to generate the desired output.

The effectiveness also becomes more consistent (i.e., smaller std) when the mismatch ratio

increases from 0 to 10%. This implies super-resolution is high-yield, replicable, and does

not rely on a specific random configuration.

The simulations also indicate that an extreme mismatch ratio may not be beneficial

nor realistic. Figure 2.21(A, B) shows that at 90% mismatch ratio, there is no significant

additional boost to the effective resolution while the std starts to widen, which suggests an

unstable system. We estimate that a mismatch ratio from 10% to 20% yields the optimal

super-resolution. This conclusion could also be observed in Figure 2.21(C).

Nevertheless, the presented simulation results should only serve as a design guideline.

As a rule of thumb, we use the Gaussian distribution as the random mismatch error model

because of the central limit theorem. This is a rather simplistic assumption as the real-life

transistor mismatch could be far more complex and difficult to be quantified. Mismatch

error could affect multiple aspects of the device such as size (W/L), threshold voltage, in-

trinsic gain, etc., depending on the operating conditions such as supply voltage, bias current,

corners, temperature, etc. Thus an actual VLSI implementation presented in Chapter 3 is

still the most accurate way to validate the proposed technique.
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Chapter 3

Fully-Integrated Neural Recorders

and Stimulators

Summary

Objective. Fully-integrated neural recording and stimulation chips are the fundamental

building blocks of a high-performance bioelectric neural interface. Approach. Here we

present the implementation of the previous chapter’s circuit techniques to materialize high-

precision, low-power ASIC for neuromodulation. We show the Neuronix chip family mem-

bers consisting of low-noise neural recorders based on the FS architecture and high-precision

neural stimulators based on the RXF technique. These ASIC are incorporated to create

miniaturized neuromodulation devices, including the Scorpius system, for animal and hu-

man experiments. Results. The miniaturized systems’ functionality is verified in a series

of in vitro and in vivo animal experiments. The RXF stimulators can deliver precisely

controlled microstimulation to modulate neuron activities. The FS recorders can simulta-

neously acquire low-noise neural signals from the same neuronal population while suppress-

ing stimulation artifacts. Significance. The results demonstrate the efficacy of the proposed

ASIC and are the basis for deploying the Scorpius system in subsequent human experiments

to facilitate the interface between the human nervous system and AI neural decoders.
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3.1 Frequency Shaping Neural Recorder

3.1.1 Low-Noise Circuit Implementation

Figure 3.1: Circuit implementation of the FS amplifier. (A) Overall schematic

consisting of the FS front-end amplifier with noise optimization techniques, the adjustable

gain, and the low-pass filter. (B) Timing diagram of the switched-capacitor circuits. (C)

Schematic of the main op-amp.

Figure 3.1 presents the circuit implementation of the FS amplifier. We utilize the fully-

differential configuration for optimized low-noise performance. Figure 3.1(A) shows the

overall schematic consisting of three stages: the FS front-end amplifier, the adjustable

gain, and the low-pass filter. The FS front-end amplifier utilizes various noise optimization

techniques, including path-splitting, parasitic capacitor suppression, and kT/C noise can-

cellation. We also utilize the chopper stabilization technique with every op-amp to reduce

the flicker noise. The overall circuit’s gain is programmable by digitally adjusting the vari-

able capacitor C3, C2. Figure 3.1(B) shows the timing diagram of the switched-capacitor

circuits. We use analog delay circuits to ensure all the clock signals are non-overlapping.

(Φ1,2, Φ1,2) can be disabled if the path-splitting feature is not used. Figure 3.1(C) shows the

op-amp schematic, which is based on the fold-cascode architecture to achieve the optimal
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trade-offs of high gain, low power, and high output swing.

Figure 3.2: Circuit implementation of the high-resolution ADC. (A) Overall

schematic of the 12-bit charge-redistribution SAR ADC. (B) Schematic of the 3-stage auto-

zero preamp. (C) Schematic of the 2-stage dynamic latched comparator.

Figure 3.2 presents the high-resolution ADC’s circuit implementation that follows each

FS amplifier. Similar to the amplifier, the ADC also utilizes the fully-differential configura-

tion. Figure 3.2(A) shows the overall schematic, which is based on the charge-redistribution

SAR ADC architecture. The ADC has a 12-bit resolution and uses the split-capacitor-array

technique to deduce the overall area. The bridge-capacitors are calibrated by tuning the

variable capacitor Cx at power-on reset. We use a 3-stage auto-zero preamp (Figure 3.2(B))

followed by a 2-stage dynamic latched comparator (Figure 3.2(C)) with on-chip calibration

to suppress comparator noise and offset.

Figure 3.3 shows the micrograph of various fully-integrated FS neural recorders as mem-

bers of the Neuronix chip family. They include recording-only and combined recorder/stimulator
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Figure 3.3: Neuronix chips: fully-integrated FS neural recorders. (A, B) Ultralow-

nosie, recording-only chips in 0.13µm CMOS process. (C, D) High-voltage, combined

recorder/stimulator chips in 0.18µm BCDLite process.
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chips with different die sizes, channel count, and specifications. The recording-chip chips

(Figure 3.3(A, B)) are fabricated in the GlobalFoundries 0.13µm CMOS process with

0.6/1.2V supply. They are optimized for an ultra-low-noise, ultra-low-power operation

intended for noise-critical applications like cortical and peripheral nerve interface. The com-

bined recorder/stimulator chips (Figure 3.3(C, D)) are fabricated in the GlobalFoundries

0.18µm BCDLite process with 1.8/5/30 V supply. The recorders are implemented using

low-voltage (1.8V) transistors and powered by separated voltage rails. They are physically

isolated from the stimulators on the chip to prevent noises and interferences. All interac-

tions between the blocks are carried out using digital control signals. Nevertheless, these

recorders tend to have higher noise floor and power consumption than the recording-only de-

signs due to technological constraints. They are intended for single-chip, neuromodulation

applications where the noise floor requirement is less critical.

Table 3.1: Specifications comparison of neural recorders

Table 3.1 summarizes a 10-channel recording Neuronix chip’s specifications compared

with other state-of-the-arts. Our design focuses on achieving a wide system dynamic range

(11+4.5 bits) with the intrinsic ability to suppress motion and stimulation artifacts while

having low input capacitance (3pF) and competitive noise floor (4.8µV in 1-300 Hz, 2.2µV

in 300-8,000 Hz). These allow the Neuronix chips to be deployed in a wide range of cortical
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and peripheral nerve neuromodulation experiments with animal or human subjects.

3.1.2 Measurement Results

Figure 3.4: Gain and noise measurements of the FS amplifier. (A) Measured

closed-loop gain with maximum and minimum settings. (B) Measured input-referred noise

with inverse FS transfer function applied.

Figure 3.4 presents the measurement results of the FS amplifier’s performance. Figure

3.4(A) shows the closed-loop gain, including the FS amplifier, gain stage, and low-pass filter,

which has an approximate z-transfer function as follows:

H(z) =
430(1− 0.95z−1)

1− z−4
(3.1)

The transfer function has an inverse-1/f frequency-dependent profile in the 1-300 Hz band

and a frequency-independent profile in the 300-8,000 band. Figure 3.4(B) shows the mea-

sured input-referred noise. The noise floor is calculated after applying the inverse FS transfer

function. The noise floor yields 4.8µV in 1-300 Hz and 2.2µV in 300-8,000 Hz, which are

adequate for applications like cortical recording to acquire LFP and neural spikes simulta-

neously. The chip trades off the noise floor in the LFP-band to greatly increase the effective

dynamic range while maintaining a low noise floor in the spike-band.

Figure 3.5 presents the measurement results of the SAR ADC’s performance. Here the

ADC is implemented in the 0.13µm CMOS process with a 1.2V supply and 40kHz sampling

rate. Figure 3.5(A) shows measured the ADC output’s power spectral density with a si-

nusoidal input at full-range. The ADC achieves 80.4dB SFDR and 69.8dB SNDR over the

Nyquist bandwidth, which corresponds to an ENOB of 11.3 bits. Figure 3.5(B) shows the
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Figure 3.5: Performance measurements of the SAR ADC. (A) Measured output

spectrum and ENOB with a sinusoidal input. (C) Differential nonlinearity (DNL). (C)

Integral nonlinearity (INL).

Figure 3.6: Functional verification of the FS neural recorder in saline. (A)

Acquired data with conditions resembling those in actual neural recording experiments.

We use a NeuroNexus microelectrode probe submerged in saline solution. The input signal

is a train of the single-cycle sinusoidal waveform to emulate neural spikes with 150µV peak-

to-peak. (B) Zoom-in of the emulated spike waveform. (C) Zoom-in of the noise floor.
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DNL measurements with peak values -0.56/0.61 LSB. Figure 3.5(C) shows the INL mea-

surements with peak values -0.48/1.29 LSB. At approximately 4.8µW power consumption,

the ADC has a figure-of-merit (FoM) of 48 fJ/conv-step.

Figure 3.6 shows functional verification of the FS recorder in saline solution with con-

ditions resembling those in actual neural recording experiments. The recorder is connected

to a NeuroNexus microelectrode probe (NeuroNexus, MI, USA) submerged in phosphate-

buffered saline solution. The probe has a single-shank with 16 microelectrodes, 30µm con-

tact diameter, and 100µm spacing. The input signal is a train of 1kHz single-cycle sinusoidal

waveform with a 50msec burst period and is delivered by a nearby Ag/AgCl electrode. The

signal amplitude is adjusted to be approximately 150µV peak-to-peak to emulate neural

spikes. The acquired data show the emulated spike waveform can be clearly distinguished

from the noise floor.

3.2 Redundant Crossfire Neural Stimulator

3.2.1 High-Voltage Circuit Implementation

Fig. 3.7(A) presents the schematic of a fully-integrated neural stimulator with 2-way RXF

architecture, 5-bit IDAC, and two 4-bit multipliers. The front-end circuits, including cur-

rent mirror and constant-current driver, are based on the op-amp assisted boosted-cascode

current source/sink, which trades off area to achieve ultra-high-output impedance. The

estimated output impedances are >1GΩ at 1mA (source) and >50GΩ at -1mA (sink). Fig.

3.7(B) shows the schematic of the high-voltage N-type and P-type op-amp, which operate at

an input offset voltage near VSS and VDD, respectively. The output voltage range is set by

VDN = VSS + 0.5 and VDP = VDD − 0.5, which results in voltage compliance of ±4.5V . The

reference current is generated by a voltage-to-current converter circuit, and the value is set

to Iref = 1.5µA by VDD and an external resistor. Most static power is from the high-voltage

op-amps’ bias current, which can be shut down while a channel is not in use.

The chip is fabricated in the GlobalFoundries 0.18µm BCDLite process. We use isolated

high-voltage LDMOS transistors, which could support up to 30V. The W/L size of key

transistors and transistor arrays are provided in Figure 3.7(C). Contrary to conventional

wisdom, a large level of transistor mismatch is desirable in this design. Minimum feature-

size transistors are used whenever possible (e.g., IDAC) to maximize the mismatch error.

Nevertheless, larger transistors are needed for the driver, cascode, and output switches to

meet the output compliance’s voltage-drop requirement. The anodic circuits generally use

larger transistors than the cathodic counterparts because the current drivability of PMOS

is about 50% less than that of NMOS. This causes the anodic driver to have less mismatch

error, thus less precision than the cathodic one. In situations where “naturally” occurring

52



Figure 3.7: Circuit implementation of the stimulator’s high-voltage front-end.

(A) Schematic of a neural stimulator with 2-way RXF architecture, 5-bit IDAC, and two

4-bit multipliers. (B) Schematic of the high-voltage N-type and P-type op-amp. (C) W/L

size of key transistors and transistor arrays. All transistors are isolated high-voltage (30V)

LDMOS provided in the GF 0.18µm BCDLite process.

Figure 3.8: Schematic of the high-voltage, dual-rail voltage level-shifter. The

circuit converts the 1.8V digital signals to ±5V level through various intermediate steps.

They are the only interconnections between the low- and high-voltage domains.
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mismatch is thought to be insufficient through Monte Carlo simulations, it is possible to

increase the amount of error purposely. The “artificial” mismatch is created by arbitrarily

tuning the size of the individual unit-transistor of both the IDAC and multipliers by tens to

a few hundred nm from the nominal value1. The exact values are not essential because the

super-resolution property becomes more robust with a higher mismatch ratio. The resulted

level of mismatch is later confirmed with Monte Carlo simulations.

A design decision was made to have the entire analog circuitry in high-voltage and

digital circuitry in low-voltage in the current implementation. The only interconnections

between the high- and low-voltage sides are digital control signals, which are facilitated by

voltage level-shifters. Figure 3.8 shows the schematic of the high-voltage dual-rail voltage

level-shifter. The circuit converts the 1.8V digital signals to ±5V level through various

intermediate steps. While relocating blocks such as the IDAC and current reference to

the low-voltage domain could help reduce chip area and static power consumption, extra

safeguards and isolation are needed to ensure robust functionality.

Figure 3.9: Neuronix chips: fully-integrated RXF neural stimulators. (A) 2-

channel RXF neural stimulator. (B) 8-channel RXF neural stimulator.

Figure 3.9 shows the micrograph of two fully-integrated RXF neural stimulators as

members of the Neuronix chip family. The first revision chip has 2-channel while the second

revision has 8-channel with a further optimized schematic and layout. The stimulators are

integrated into the same die with FS neural recorders. They are intended to be deployed

in miniaturized single-chip neuromodulation systems.

Table 3.2 summarizes the 8-channel RXF neural stimulator specifications compared with

1The implication is that RS-based designs would work even better in a deep submicron process with a
large amount of mismatch.
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Table 3.2: Specifications comparison of neural stimulators

other state-of-the-arts. It is worth noting that the specifications such as voltage compliance,

current range, current resolution highly depend on the specific application and electrode

impedance. Our stimulator is particularly developed toward implantable peripheral nerve

applications using the cuff and intrafascicular microelectrodes [131]. This requires a com-

pliance voltage of 10V and a max current of about 1mA, which are sufficient in our previous

clinical trials using commercial bench-top stimulators [138]. The design primarily focuses

on achieving ultra-high-output precision, both current amplitude and timing. Furthermore,

we report the effective resolution measured at the output while other works only provide

the baseline resolution, which could be up to 1 bit lower in practice due to mismatches.

3.2.2 Digital Controller and Optimization

Figure 3.10(A, B) shows the proposed stimulator’s control strategy, which consists of both

on-chip and off-chip logic/memory. To achieve super-resolution, an RXF structure must

be optimized. This is done with a one-time factory calibration procedure where all the

driver’s output currents are measured. There are 2 · (25 − 1) · (24 − 1) = 930 non-zero

values per driver to be measured, both anodic and cathodic. All the crossfire configurations

are then computed. There are 2 · (25 − 1) · (24 · 24 − 1) = 15, 810 non-zero configurations

per channel in a 2-way RXF structure. The optimized configuration associated with each

desirable output currents can be easily found by sorting through all the available values in

a brute-force manner. While it is not an elegant solution, the optimization procedure only

needs to be done once with off-chip computation. The optimized configurations are then

55



Figure 3.10: Digital controller and optimization strategy for the RXF stimula-

tor. (A, B) Control strategy of the proposed stimulator consisting of on-chip and off-chip

components. To achieve super-resolution, the RXF structure must be optimized by a one-

time factory optimization procedure. The optimized configurations are stored on an external

lookup table. (C) Data frame of the customized transmission protocol.

stored in an external lookup table. With a 10-bit effective resolution, the table size would

be 2 · 210 · (5 + 4 + 4) = 26, 624 bits (3.3kB) per channel.

An external controller maps each desirable output with the optimized configuration

stored in the lookup table during normal operation. The configuration is loaded into the

stimulator chip via a customized 2-wire transmission protocol consisting of a 10MHz clock

line and a data line. Figure 3.10(C) shows the protocol’s 16-bit frames. The first 4-bit is

the sync header, which value rotates in 0x0-0xF. If the header is out of sync, the stimulator

chip would immediately reset, and all the outputs are turned off. This prevents runaway

stimulation when the transmission is disrupted. The second 4-bit is the channel ID. The last

8-bit is either the command or a (0xF) mask with a 4-bit data nibble. Each transmission

starts with a “command” frame followed by several “data” frames. There are 240 possible

commands (0x00-0xEF) which govern every function of the stimulator. The number of data

frames varies depending on the specific command; e.g., setting the IDAC (5-bit) requires 2

data frames while generating the stimulation pulse does not require any data. At a data

rate of 10Mbps, the frame time is 1.6µsec/frame.

The on-chip timing generator circuits produce the stimulation pulses. This is essential

to achieve a near-perfect synchronization of multiple drivers in a crossfire formation. All

the stimulation parameters, such as pulse-width, IDAC, multiplier, polarity, etc., are stored

in integrated registers. The anodic and cathodic phases of a biphasic pulse can be inde-

pendently configured to produce both symmetrical and asymmetrical stimulation with any
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ratio setting. New IDAC and multiplier configurations are loaded during the interphase

delay. We use a 16-bit register at a base clock of 10MHz to control the pulse-width. This

allows generating any timing from 0.01msec to 6.56msec with 0.1µsec adjustment step. The

precise step is also used to digitally compensate for the residual mismatch between the

anodic and cathodic currents to ensure charge-balancing. This is achieved by tuning the

anodic and cathodic pulse-width such that:

minimize |iA · (tA + ∆tA)− iC · (tC + ∆tC)] (3.2)

The adjustment timings (∆tA, ∆tC) are computed by the external controller based on the

measured currents (iA, iC) and required pulse-width (tA, tC).

3.2.3 Measurement Results

Figure 3.11 presents the measurement results of the effective resolution and effective sen-

sitivity. The data are acquired from different channels and stimulator chips (NCh = 4,

NIC = 6). Here the reference current is set to Iref = 1.5µA, which translates to a practical

output range of approximately 1.1mA. The proposed RXF technique evidently results in

an effective super-resolution of 2-3 bits beyond the baseline resolution, which is conforming

with the theoretical analysis. Furthermore, the cathodic drivers (NMOS) are more pre-

cise than the anodic drivers (PMOS) because they use smaller-size transistors, which have

a larger mismatch error. As a result, additional “artificial” mismatches may need to be

added to the PMOS in future revisions of the chip. The effective sensitivity is well below

the reference current across most of the output range, which is impossible in any previous

work.

Figure 3.12 presents the measured integral nonlinearity (INL) and differential nonlin-

earity (DNL) of a stimulator channel. Here both the x-axis and y-axis are normalized to

the targeted resolution 12 bits over the 1.1mA full-range (i.e., 1 LSB = 0.27µA). The mea-

sured channel achieves an effective super-resolution of 9.75 bits and effective sensitivity of

1.28µA. Unlike a conventional ADC/DAC, the INL and DNL of an RXF device are not

symmetrical. Lower digital codes are more precise because they are associated with more

redundant configurations.

Figure 3.13(A) presents examples of the measured output current with a 1kΩ resistive

load. In this test, the chip generates a train of biphasic stimulation pulses at various output

current levels of 100, 200, 500, and 1000 µA. Each pulse is precisely modulated to produce

a sinusoidal waveform with a 5µA ac amplitude. Figure 3.13(B) shows the zoom-in of the

pulse trains. The results indicate the output at lower current levels is more precise than

higher current levels, i.e., the sinusoidal waveforms of 100, 200 µA are less distorted than
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Figure 3.11: Effective resolution measurements of the RXF stimulator. (A) Mea-

sured effective resolution and (B) effective precision from different channels and stimulator

chips (NCh = 4, NIC = 6) show substantial precision enhancement (2-3 bits), which is rel-

atively consistent with the theoretical prediction. The cathodic drivers (NMOS) are more

precise than anodic drivers (PMOS), suggesting they have a larger mismatch ratio. (Shaded

error band = 1 std)

Figure 3.12: Nonlinearity measurements of the RXF stimulator. (A) Integral

nonlinearity (INL). (B) Differential nonlinearity (DNL). Lower digital codes are more precise

because they are associated with more redundant configurations. Here both the x-axis and

y-axis are normalized to the targeted resolution 12 bits (upper bound) over the full-range

1.1mA with a reference current Iref = 1.5µA. The right-hand side y-axis shows the actual

current amplitude in µA.
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500, 1000 µA. Nevertheless, the waveform deviation at 1000 µA level is still within a ±1µA

range.

Figure 3.14(A) presents the measured charge-balancing characteristics of a stimulator

channel. We use 1msec pulse-width, anodic (positive) leading pulses, and a lumped electrode

model (C = 0.5µF , RS = 1kΩ, RP = 10MΩ). There are two levels of charge-balancing,

coarse and fine, both of which are digitally calculated by the external controller based

on the measured currents and optimized configurations. The coarse calibration involves

selecting the optimal IDAC and multiplier configuration of the second phase with a current

amplitude matching that of the first phase. This process is done during the one-time factory

optimization based on the measured current of every RXF configuration. Both the IDAC

and multiplier values are adjusted during the inter-phase delay and require less than 10µsec

settling time. The fine calibration involves digitally tuning the second phase’s pulse-width

with 0.1µsec step to further compensate for any residual mismatch between the absolute

amplitudes of the anodic and cathodic currents. With coarse calibration alone, the current

mismatch is less than 0.2% across the entire output range. Again, lower current levels have

more precise matching. When combining fine calibration, the overall charge mismatch is

reduced to an insignificant degree (< 0.005%).

Figure 3.14(B) shows an experiment to verify the stimulator’s charge-balancing charac-

teristics in saline. We use a pair of stainless-steel needle electrodes submerged in phosphate-

buffered saline. The electrode’s impedance is measured at 7.4kΩ at 1kHz. The stimulus is

a train of cathodic leading, biphasic, symmetric pulses, 1msec pulse-width, and a targeted

200µA current amplitude. The stimulation rate is 100Hz, which is the upper bound of our

intended application. The 10msec pulse-to-pulse spacing does not allow sufficient time for

the electrode to discharge naturally. In the first measurement, where we use RXF with both

coarse and fine calibration, after 1000 pulses, the electrode’s residual voltage stabilizes at

about 62mV. The estimated current amplitudes are -200.1/200.0 µA, and 0.5µsec is added

to the second phase. In the second measurement, where we use only one multiplier (no

RXF) but try to match the anodic and cathodic current with available configurations, the

residual voltage reaches 375mV and keeps increasing. The estimated current amplitudes

are -201.2/201.6 µA. In the third measurement, where we use neither RXF nor current

matching, the residual voltage quickly reaches 1813mV, saturating the electrode interface

as water begins to be electrolyzed. The estimated current amplitudes are -223.2/230.7 µA.
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Figure 3.13: Verification of the output current precision. (A) Train of biphasic

stimulation pulses generated by the neurostimulator at various output current levels of 100,

200, 500, and 1000 µA. Each pulse is precisely modulated to produce a sinusoidal waveform

with a 5µA ac amplitude. (B) Zoom-in of the pulses showing a more precise amplitude is

achieved with a lower current level where there are more redundant configurations.

Figure 3.14: Charge-balancing measurements of the RXF stimulator. (A) Mea-

sured charge-balancing properties with a lumped electrode model. The precision of the

RXF course and fine calibration results in an insignificant charge mismatch across the out-

put range. (B) Experiments to verify stimulator’s charge-balancing in saline.
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3.3 Miniaturized Bidirectional Neuromodulation Systems

3.3.1 Miniaturized Systems for Animal Experiments

Figure 3.15(A) illustrates an exemplary system capable of bidirectional closed-loop neu-

romodulation from the same neuronal population. Its primary functions are facilitated

by one or more Neuronix chips with fully-integrated neural recorders and stimulators. The

recorders and stimulators could be implemented as a system-on-chip (SoC) on a single silicon

die or various dies using different CMOS processes and later incorporated on a miniatur-

ized platform. The system interfaces with the neural tissue through a single microelectrode

array consisting of recording electrodes and stimulation electrodes. The spacing between

microelectrodes is tens to hundreds of micrometers, allowing bidirectional communication

with the same neuronal population.

Figure 3.15: Miniaturized neuromodulation systems for animal experiments.

(A) Illustration of a system capable of bidirectional closed-loop neuromodulation from the

same neuronal population. (B) Implementation of a miniaturized system using a Neuronix

chip with combined recorders/stimulators. (C) Implementation of a miniaturized system

using a recording-only Neuronix chip.

The Neuronix chips’ operation is facilitated by the customized auxiliary circuits, which

facilitate the real-time acquisition of neural data and closed-loop control of system pa-

rameters such as gain, bandwidth, stimulation patterns, stimulation amplitude, etc. The
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auxiliary circuits are implemented using off-the-shelf components and comprise voltage reg-

ulators and data transmission circuits. Their functions are to provide a low-noise voltage

supply and relay the data between the Neuronix chips and an external computer via a wired

or wireless communication interface.

The system’s basic principles of operation are as follows. The recorders acquire neural

activities (e.g., LFP, spikes, etc.) through recording microelectrodes and convert them into

a digital data stream. Neural data are packaged and relayed to the external computer

through the data transmission layer implemented in the auxiliary circuits. The external

computer analyzes neural activities and produces a stimulation pattern. The pattern is

encoded and relayed back to the stimulators. The stimulators deliver stimulation pulses to

the same neuronal population through adjacent stimulation microelectrodes, thus closing

the loop of the neuromodulation system. In specific applications, DL-based AI models could

be deployed on the external computer to decode and interact with the neuronal population,

which essentially creates an elementary symbiosis between artificial and biological neural

networks.

Figure 3.15(B, C) show the implementation of miniaturized systems for animal exper-

iments using a combined recorders/stimulators or a recording-only Neuronix chip. The

system interfaces with an external computer via a single USB connection, which provides

both power and data transmission. The auxiliary data transmission layer is facilitated

by an FPGA (AGLN250, Microsemi, CA, USA) and a USB interface (FT245R, FTDI,

UK). The auxiliary power management consists of various ultralow-noise voltage references,

low-dropout voltage regulators, charge-pump regulators, and precision op-amp (ADR445,

ADP222, LTC3260, ADA4896-2, etc., Analog Devices/Linear Technology, MA, USA). The

auxiliary circuits generate different voltage rails depending on the Neuronix chip configu-

ration. For example, the recording-only chip requires 0.6/1.2 V supply, while the combined

recorder/stimulator chip requires 1.8/±2.5/±5 V supply. The analog and digital rails are

generated separately to minimize noise coupling even if they have the same voltage level.

3.3.2 Scorpius: Neural Interface for Human Experiments

Figure 3.16 shows two designs of the Scorpius systems: revision A and B. They are miniatur-

ized devices equipped with fully-integrated Neuronix chips to facilitate bidirectional neural

interfaces in human experiments. Scorpius A contains two Neuronix chips, a 10-channel2

recorder and an 8-channel stimulator to enable ultra-low noise neural recording and high-

precision stimulation. Scorpius B contains a single Neuronix chip with a combined 16-

channel recorder and 8-channel stimulator, which offers a higher channel count and more

tolerance to high-voltage stimulation artifacts at the expense of a higher noise floor. In

2Eight channels are used for neural data acquisition and two channels are reserved for testing purposes.
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Figure 3.16: Scorpius: miniaturized neural interface for human experiments.

(A) Scorpius A contains two Neuronix chips, a low-noise recorder and a high-voltage stimu-

lator. (B) Scorpius B contains a single Neuronix chip with combined recorders/stimulators,

which offer a higher channel count and more tolerance to high-voltage stimulation artifacts

at the expense of higher noise floor
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practice, multiple Scorpius devices can be deployed depending on the number of channels

required, where any of them could facilitate simultaneous recording and stimulation.

The device consists of two sub-units: the head-piece and the auxiliary-piece, connected

by a flexible section. The head-piece contains the Neuronix chips, along with an electrode

connector and other passive components. It is designed to physically separate the Neuronix

chips from other off-the-shelf components to avoid noise coupling. The auxiliary-piece

consists of an FPGA (AGLN250, Microsemi, CA, USA), a USB interface (FTDI, UK), and

power management circuitry with various voltage regulators (ADR440, ADP222, ADA4898-

2, Analog Devices, MA, USA). The auxiliary-piece sole function is to pass-through the

digitized neural data and control commands while powering the Neuronix chip through a

single micro-USB connector.

Table 3.3: Specifications comparison of the Scorpius system

Table 3.3 summarizes the specifications of the Scorpius system in comparison to com-

mercial counterparts, including the Cerebus/NeuroPort system3 (Blackrock Microsystems,

UT, USA), the Grapevine system4 (Ripple Neuro, UT, USA), and the RHD2000 chip5 (In-

tan Technologies, CA, USA). Here we only compare with systems being used in human

clinical trials for neuroprosthesis studies involving peripheral nerves or cortical recordings.

The Scorpius has a substantially smaller footprint (size and weight) than others because

it is the only miniaturized system specifically designed toward implantable and wearable

applications while showing improved sensitivity and specificity in sensing nerve signals.

3https://blackrockmicro.com/neuroscience-research-products/neural-data-acquisition-systems
4https://rippleneuro.com/ripple-products/grapevine-processors
5http://intantech.com/RHD2000_evaluation_system.html
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Furthermore, the FS architecture allows the proposed system to achieve an effective system

resolution of “11+4.5” bits, which is significantly higher than the commercial counterparts.

In practice, the overall system resolution is the effective dynamic range determined by the

input range, noise floor, and ADC resolution. A combination of a higher system resolution

and system miniaturization and low power implementation allows Scorpius to isolate weak

neural signals from large amplitude artifacts and interferences, which in turn enable the

high DOF motor decoding through deep neural networks.

3.4 In Vitro and In Vivo Neuromodulation Experiments

3.4.1 Modulating In Vitro Neuronal Cell Culture

Figure 3.17: Simultaneous recording and stimulation of in vitro neuronal cell

culture. (A) Photo of the neuronal cell network cultured on an MEA dish. (B) Photo of the

experiment setup using the miniaturized recording and stimulation systems. (C) Sample of

acquired neural data when a train of stimulation pulses is delivered to an adjacent electrode.

(D) A zoom-in view that shows stimulation artifacts and neural spikes superimposed in the

same data sequence.

We perform simultaneous recording and stimulation of in vitro neuronal cell networks

cultured on a microelectrode array (MEA) dish to validate the functions of the proposed

miniaturized systems. The experiments utilize cortical tissues extracted from the E18 rat
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Figure 3.18: In vitro spike sorting and firing rate analysis results. (A) Three

well-isolated spike clusters from an experiment session with stimulation. (B) One spike

cluster’s firing rate is strongly modulated by the train of stimulation, which is turned on for

60sec and turned off. (C, D) The average firing rate of two separated spike clusters before,

during, and after turning on stimulation.

embryonic brain. The cell suspension is centrifuged and re-suspended in the neural basal

medium with B27, Pen-strep, and L-glutamine supplements. 30µl of the cell suspension

with the concentration of 4 · 106cells/ml is transferred to the MEA dish (Multi-Channel

Systems, Germany). One day after plating, the culture medium is changed to a serum-

free solution. During the experiments, the medium is replaced with the phosphate-buffered

saline solution.

Figure 3.17(A, B) shows the neuronal cell network cultured on an MEA dish and the

experiment setup using the miniaturized recording and stimulation systems. The MEA dish

has 252 high-impedance electrodes with 30µm contact diameter and 100/200µm spacing. A

small set of electrodes with strong spiking activities is selected for recording, while adjacent

electrodes are used for stimulation. In each experiment session, the stimulator is turned on

for 60sec to deliver a train of symmetrical biphasic pulses. Different parameters have been

applied, including current amplitude ranging from 2µA to 64µA, pulse width from 0.5msec

to 2msec, and stimulation rate from 0.1Hz to 10Hz.
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Figure 3.17(C, D) shows a sample of recorded neural signals with stimulation artifact

and neural spikes superimposed in the same data sequence. Neural spikes are detected

and marked in the figure using the standard amplitude-based thresholding method. It

is evident that the proposed bioelectronics could facilitate robust simultaneous recording

and stimulation from adjacent electrodes with minimal circuit saturation. The leftover

stimulation artifacts are less than 0.5mV and within a few msec, which can be removed

through offline signal processing.

The experiments are repeated with different electrodes, stimulation parameters, and cul-

ture preparations with similar results where the proposed systems can trigger and modulate

the activity of neuronal cell culture. Figure 3.18(A) shows three distinct spike clusters that

can be isolated from an experiment session with stimulation. Spike sorting is performed

using the PCA analysis k-mean clustering method. Figure 3.18(B) shows the firing rate of

one spike cluster with approximately 60sec before, during, and after turning on stimulation.

The firing rate appears to be strongly modulated by the stimulation, increasing from 10Hz

(baseline) to 25Hz when the stimulation is turned on and going back to 10Hz after the stim-

ulation is turned off. Figure 3.18(C, D) shows the average firing rate of two separated spike

clusters before, during, and after turning on stimulation. During stimulation, the average

firing rate increases as we deliver more current but eventually reaches the maximum level.

3.4.2 Modulating In Vivo Animal Cerebral Cortex

We perform simultaneous recording and stimulation of in vivo cerebral cortex in the small

animal model. The goal is to demonstrate the abilities of proposed miniaturized systems to

facilitate bidirectional communications with brain circuits, which provides the basic plat-

form for a wide range of neuroscience experiments involving anesthetized or freely moving

animals.

Experiment protocol: the experimental procedures involving animal models described

here are approved by the Institutional Animal Care and Use Committee at the University of

Minnesota (UMN). Male Sprague Dawley rats are anesthetized using isoflurane and placed

on the prone position in a stereotaxic apparatus. Local anesthesia is applied before making

the skin incision for the craniotomy. The dura is cut open at the chosen brain region without

damaging the brain using a high-speed surgical drill. After the craniotomy, the electrode

is inserted into the desired brain location/depth through the dura’s small incision. An

animal experimentalist and a physiologist at the Center for Magnetic Resonance Research

(CMRR), UMN, perform the surgery and stay the entire experiment sessions to monitor

the animal condition and examine the data. The animals are euthanized at the end of the

experiment session.

Figure 3.19 shows a photo and an illustration of the experimental setup using the pro-
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Figure 3.19: Simultaneous recording and stimulation of in vivo animal cere-

bral cortex. (A) Photo and (B) illustration of the experiment setup using the proposed

miniaturized recording and stimulation systems.

Figure 3.20: Spontaneous in vivo neural activities without stimulation. (A,

C) Samples of data sequences exhibiting strong spontaneous neural activities from two

different regions within the somatosensory cortex. (B) Spike clusters with small amplitude

isolated from data sequence (A). (D) Spikes clusters with large amplitude isolated from

data sequence (C).
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Figure 3.21: In vivo neural recordings with stimulation (1/2). (A) Neural data

sequences from two channels showing strong neural responses evoked by stimulation. (B)

Firing rate of the spike cluster with the largest SNR. (C) Zoom-in of the typical spike

waveform from two channels. (D) Spike sorting analysis results.

posed miniaturized recording and stimulation systems. We use a high-impedance silicon

probe (NeuroNexus, MI, USA) for neural recording, which has 3mm length, 15µm thick-

ness, and 177µm2 contact site area. The probe is inserted into the animal somatosensory

cortex at various depths and locations. In certain regions corresponding to the barrel cor-

tex, evoked neural activities can be observed when mechanically stimulating the animal’s

whiskers, which is used as a marker to confirm the recording function. Electrical stimulation

is delivered to a nearby cerebral region using a stainless-steel needle electrode. We use both

constant-voltage (0-1.8V) and constant-current (2-64µA) with various stimulation param-

eters while simultaneously acquiring neural data and looking for evoked brain activities.
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Figure 3.22: In vivo neural recordings with stimulation (1/2). (A) Neural data

sequences from two channels where one shows neural activities evoked while another shows

neural activities inhibited by stimulation. (B) Firing rate of the spike cluster with the

largest SNR. (C) Zoom-in of the typical spike waveform from two channels. (D) Spike

sorting analysis results.

Figure 3.20(A, C) shows samples of data sequences exhibiting strong spontaneous neu-

ral activities without stimulation that are acquired from two different regions within the

somatosensory cortex at an approximately 700µm depth. The data are filtered in 100-5,000

Hz, yielding a noise floor of 4.2µV, which is estimated from data segments without no-

ticeable spikes. Figure 3.20(B, D) shows spike clusters isolated from those data sequences.

The peak-to-peak amplitudes of the clusters are 28µV, 65µV, 240µV, and 600µV, which

correspond to the SNR of 6.7, 15.5, 57.2, and 143.8, respectively. Extending the filter

bandwidth could increase the spike amplitude but not much change on the SNR. In the

literature, multiple groups report using the same NeuroNexus probe to acquire neural sig-
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nals, where single-unit spike amplitude can vary between 50-800µV depending on several

factors [12,62,119]. These numbers are consistent with our results except that the proposed

systems have lower noise in experiments, giving better signal quality and allowing detection

of smaller spike clusters.

Figure 3.21(A) and 3.22(A) show samples of neural data sequences under constant-

voltage stimulation. Neural data are acquired from the same probe and animal preparation

but at a different cortical depth. The maximum voltage is set to 1.8V, which is sufficient

to trigger neuronal responses without damaging the electrode interface. The stimulator

is periodically turned on for 2sec and turned off for 6sec, while the recorder continuously

acquires neural signals from two channels before, during, and after stimulation. Evoked

neural responses can be clearly observed during stimulation, except for activities in channel-

2 of the second data sequence being inhibited by stimulation.

Figure 3.21(B) and 3.22(B) shows the firing rate of the spike cluster with the largest SNR

in each data sequence. By adjusting the stimulation parameters such as amplitude, pattern,

and pulse width, we can change neurons’ firing rate in both excitatory and inhibitory

manners. The results demonstrate that the proposed systems could modulate closed-loop

neural activities through simultaneous neural recording and stimulation.

Figure 3.21(C) and 3.22(C) show the zoom-in of the typical spike waveform from two

channels, while Figure 3.21(D) and 3.22(D) show the spike sorting analysis results. Spike

clusters collected under-stimulation are consistent with those detected from spontaneous

activity, having a similar amplitude, waveform, and noise floor. In contrast, with the same

configuration, a commercial recorder (Blackrock Microsystems, UT, USA) based on the

conventional architecture immediately saturates or has its noise floor increased by 10-fold

when the stimulator is turned on (Figure 1.3). These further demonstrate the proposed

system’s abilities to suppress stimulation artifacts and enable low-noise, simultaneous neural

recording and stimulation.

3.4.3 Modulating In Vivo Animal Peripheral Nerve

We perform simultaneous recording and stimulation of in vivo peripheral nerve in a small

animal model. Nerve recording is generally more challenging than cortical recording because

neuronal axons/fibers in a nerve are tightly packed together with multiple protective layers,

which are a poor conductive medium of electricity. As a result, single-axon action potentials

acquired from peripheral nerves with non-penetrating electrodes have a significantly smaller

amplitude than those obtained from cortical tissues. Nerve activities or ENG are also fre-

quently masked by stronger EMG signals from surrounding muscles, further exacerbating

the challenges. To establish a robust nerve interface for human neuroprostheses, the pro-

posed bioelectronics must show their abilities of simultaneously recording and stimulation
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from the same peripheral nerve in an animal model.

Figure 3.23: Simultaneous recording and stimulation of in vivo animal sciatic

nerve. (A) Photo and (B) illustration of the experiment setup using the proposed minia-

turized recording and stimulation systems.

Experiment protocol: the experimental procedures involving animal models are approved

by the IACUC at UMN. The experiments are performed in a sound-attenuating and elec-

trically shielded chamber in the Department of Biomedical Engineering, UMN. A guinea

pig weighted 450±50 g (Elm Hill, MA, USA) is anesthetized by an intramuscular injec-

tion of ketamine (40mg/kg) and xylazine (10mg/kg) with 0.1mL supplements every 45–60

min to maintain an areflexive state. The animal’s heart rate and blood oxygenation are

continuously monitored via a pulse oximeter while its body temperature is maintained at

38.0± 0.5◦C using a heating blanket and rectal thermometer. The animal’s sciatic nerve is

exposed and separated from surrounding tissue. Electrode wires are wrapped around the

nerve for recording and stimulation. The nerve is occasionally put back into the surround-

ing tissue and administered with saline solution to keep it from drying out. An animal

experimentalist performs the surgery and stays the entire experiment session to monitor

the animal’s conditions and examine the data. The animal is euthanized at the end of the

session.

Figure 3.23 shows a photo and an illustration of the experimental setup for simultaneous

recording and stimulation from the same nerve using the proposed miniaturized systems.

Five 36 AWG silver wires are wrapped around the sciatic nerve proximal to the spine

for recording. The middle silver wire is used as ground/reference, while the other four

wires are used as two pairs of bipolar recording sites. Two 36 AWG platinum wires are

wrapped around the exposed nerve distal to the spine for delivering stimulation. We use

biphasic, constant-current stimulation pulses with a 1Hz rate, 0.5msec pulse-width, and

current amplitude ranging from 0.1-2 mA.
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Figure 3.24: Nerve recordings with stimulation from the same sciatic nerve.

(A, B) Nerve data sequences acquired from consecutive trials with two different levels of

stimulation current: below and above the threshold to evoke muscle contraction. (C) Super-

imposed stimulation artifacts from multiple trials in two recording channels. (D) Example

of volume-conducted EMG with no time delay between two channels. (E) Example of ENG

nerve signals with a finite time delay between two channels.
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The experimental paradigm is designed to separate nerve activities from muscle re-

sponses and stimulation artifacts by confirming ENG signals’ propagation along the nerve.

This is achieved by simultaneously acquiring nerve data from two bipolar recording chan-

nels with an approximately 10mm spacing. ENG signals propagating along the nerve with a

finite conduction velocity would appear with a slight time delay on two recording channels,

while volume-conducted components like EMG and artifacts should occur concurrently. The

recorder’s sampling rate is increased to 80kHz to resolve the temporal differences better.

Figure 3.24(A, B) shows nerve data sequences acquired from consecutive trials with two

different levels of stimulation current. The data contain several components, including stim-

ulation artifacts, volume-conducted EMG residuals, and ENG nerve signals. The sequences

are aligned by the stimulation onset at t = 0. For each trial, we show the 40msec of nerve

data before the stimulation onset with no observable activities and 100msec of nerve data

after the onset with clear ENG and EMG signals. The data are filtered from 300-5,000 Hz,

which aims to isolate single-axon components of ENG signals.

Figure 3.24(C) shows the superimposed stimulation artifacts from multiple trials in two

recording channels. The biphasic stimulation pulse duration is 1msec, which is subsequently

followed by 1msec of circuit saturation and 5msec of circuit offset recovery. During offset

recovery, nerve data are continuously acquired and could be recovered by removing the offset

envelope with the high-pass filter. The length of the stimulation artifact (approximately

2msec) is removed from the raw data sequences before applying any signal processing.

Volume-conducted EMG residuals and ENG nerve signals can be differentiated from the

data by observing the time delay between two recording channels. For EMG, the current

flow spreads through the conductive medium of the body and reaches the recorder nearly

instantaneously, resulting in almost zero time delay (Figure 3.24(B)). On the other hand,

ENG signals propagate along the nerve and arrive at two recording channels with 0.2-

0.3 msec time delay (Figure 3.24(C)). This corresponds to a conduction velocity of 30-50

m/s, which is consistent with the sciatic nerve in rodents [20, 21, 36, 161]. The direction of

prorogation can also be inferred by the order of channel in which the signal arrives.

Figure 3.24(A) shows trials where the stimulation current is below the threshold to

evoke muscles’ responses. This is confirmed by not observing any twisting of the animal’s

leg/foot. However, the stimulation is large enough to elicit sensory fibers belonging to

H-reflex circuits in the sciatic nerve, sending evoked potentials to the spinal cord. While

we cannot isolate the initial afferent potentials as they should be within 1-2 msec of the

stimulation onset, we can observe the following waves of efferent responses traveling from

the spinal cord back to the foot. Because not all fibers are recruited, the ENG signals are

relatively small and sparse, being observed as bursts in 10-20% of trials.

Figure 3.24(B) shows trials where the stimulation current is above the threshold to evoke
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the animal’s leg/foot muscle’s involuntary contraction. We ensure the timing between two

consecutive stimulation pulses is long enough for the muscles to go back to the normal state.

Strong bursts of EMG residuals can be observed with a predictable time starting at 25msec

from the stimulation onset. This confirms that muscle contraction is the direct result of the

stimulation. On the other hand, waves of ENG signals can be observed both before and

after the EMG bursts in 8-20 msec and 40-80 msec from the onset with less defined timing.

The ENG signals predominantly appear to originate from the spinal cord, suggesting they

are likely feedback signals belonging to the H-reflex circuits.

Overall, these data demonstrate our stimulation and recording systems’ powerful ca-

pabilities in sensing low amplitude nerve signals and conduction delays in nerve fibers’

sub-populations using simple non-invasive wire electrodes around the sciatic nerve. Our

collaborative research group pursued further improvements to better reduce and quickly

suppress the electrical artifacts to detect any spiking activity that may have been masked

immediately after stimulation onset.
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Chapter 4

Neural Interface for Dexterous

Control of Neuroprostheses

Summary

Objective. While prosthetic hands with independently actuated digits have become com-

mercially available, the limitations of existing control interfaces combining with the lack

of neuro-feedback have not enabled amputees to experience sufficient improvement in their

daily activities to make an active prosthesis useful. Approach. Here we present the de-

velopment of a bioelectric interface that aims at facilitating the missing bridge by tapping

into the peripheral nervous system through implanted intrafascicular microelectrodes. The

interface is built around the Scorpius system, which allows acquiring low-noise ENG motor

signals from peripheral nerves while concurrently delivering somatosensory feedback with

electrical microstimulation. This essentially opens a high-bandwidth information channel

to the brain that enables deep learning-based AI models to decode the subject’s true motor

intents. Results. A human pilot study is carried out with transradial amputees where the es-

tablished channel provides sufficient motor information to allow high-accuracy, dexterous,

and intuitive control of a multi-DOF neuroprosthetic hand. We also show an optimized

version of the neural interface with embedded AI neural decoders deployed as a portable,

self-contained unit to enable real-time control of a neuroprosthetic hand with individual

finger movements. Significance. Our study layouts the foundation toward a robust and

dexterous control strategy for modern neuroprostheses at a near-natural level and an in-

tuitive conduit for connecting human minds and machines through the peripheral neural

pathways.
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4.1 A Bioelectric Peripheral Nerve Interface

4.1.1 Human Experiment Protocol and Setup

Figure 4.1: Overview of human experimental paradigm and components. (A)

Diagram of the experiment setup including the Scorpius neuromodulation system; implanted

microelectrode arrays; a data glove for obtaining ground-truth movements; a prosthetic

hand for real-time motor decoding and neuro-feedback; a computer for data acquisition,

data processing, AI neural decoders implementation, and verification with a virtual hand.

(B, C, D) Photos of the two transradial amputees and one partial hand amputee with the

actual experimental setup.

The clinical trial DExterous Hand Control Through Fascicular Targeting (DEFT) is spon-
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sored by DARPA Biological Technologies Office as part of the HAPTIX program through

the Naval Information Warfare Center Pacific, contract No. N66001-15-C-4016. Identifier:

NCT029941601.

The human experiment protocols are reviewed and approved by the Institutional Review

Board at the University of Minnesota (UMN) and the University of Texas Southwestern

Medical Center (UTSW). The patient voluntarily participates in our study and is informed

of the methods, aims, benefits, and potential risks of the experiments before signing the

Informed Consent. Patient safety and data privacy are overseen by the Data and Safety

Monitoring Committee at UTSW. The implantation, initial testing, and post-operative care

are performed at UTSW by Dr. Jonathan Cheng and Dr. Edward W. Keefer, while motor

decoding experiments are performed at UMN by Dr. Zhi Yang’s lab. The clinical team

travels with the patient in each experiment session.

Figure 4.1 presents an overview of the human experimental paradigm and components.

Two transradial amputees and one partial hand amputee participate in this study. Each

subject is implanted with four microelectrode arrays targeted to four different fascicles

within the median and ulnar nerves. Several Scorpius devices are deployed to record and

stimulate from selective electrodes. A computer is used for data acquisition, data process-

ing, and AI neural decoder implementation. Motor training data are collected using the

mirrored bilateral paradigm where ENG signals are acquired from the injured hand, while

the intended movements are simultaneously captured by a data glove from the able hand

(ground-truth). The acquired ENG dataset with ground-truth labels is used to train the AI

models. In motor decoding experiments, the AI models translate the patients’ motor intents

in real-time, allowing them to control a virtual hand (MuJoCo [94, 95]) or a physical pros-

thetic hand with motorized fingers. In somatosensory restoring experiments, force/pressure

data are collected from the touch sensors at the modified prosthetic hand’s fingertips, which

are then used to modulate the stimulation pattern to deliver real-time neuro-feedback.

Figure 4.2(A) shows the construction of the FAST-LIFE microelectrode array that is an

extended version of the design reported in [22,138]. Each array consists of four cuff contacts

and an intrafascicular shank with ten longitudinal intrafascicular electrodes (LIFE). The

intrafascicular contacts are 50µm in diameter and spaced 0.5mm apart. The design aims

to record neural data from both single-axon and population of neurons and provide sensory

feedback through electrical microstimulation.

Dr. Cheng performs the implant surgery at the Clements University Hospital in UTSW.

Microsurgical fascicular targeting (FAST) technique is used to guide the microelectrode

array into the nerve fascicle, as shown in Figure 4.2(B, C). The patient is implanted with

four FAST-LIFE microelectrode arrays, two in the median nerve and the other two in the

1https://clinicaltrials.gov/ct2/show/NCT02994160
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Figure 4.2: FAST-LIFE microelectrode array design and implant surgery. (A)

Photo of a FAST-LIFE microelectrode array consisting of cuff electrodes and an intrafas-

cicular shank with ten electrode contacts. The patient has four arrays implanted in four

different fascicles, two in the median nerve and the other two in the ulnar nerve. (B) Illus-

tration of the implant procedures. (C) Illustration of the implanted electrodes and recording

sites. (E) X-ray image of the patient’s arm showing the microelectrode arrays, percutaneous

wires, and the external connector. (E) Photo of the implant sites during surgery.

ulnar nerve. Within one nerve, the arrays are placed into two discrete fascicle bundles. Their

functional specificities are examined during the surgery such that one is more likely to carry

efferent motor control signals while the other carries the afferent sensory/proprioceptive

signals. The “motor” fascicles are identified using a handheld nerve stimulator (Vari-Stim

III, Medtronic, MN) to induce intrinsic muscles’ contraction still present in the residual

limb. The “sensory” fascicles are found by placing needle electrodes in the scalp over the

primary sensory cortex and observing somatosensory evoked potentials (SSEP) elicited by

79



the nerve stimulation. Nevertheless, it is worth noting that there is no clear separation

between motor and sensory functions, as shown in [138]. An electrode with strong motor

control signals can frequently be found on the “sensory” fascicles and vice versa.

Figure 4.2(D) shows an x-ray image of the patient arm with the implanted microelec-

trode arrays, percutaneous wires, and the external connector. Figure 4.2(E) shows a photo

of the implant site during the operation. In total, 56 wires are brought out through 14

percutaneous holes where each hole supports a 4-wire bundle. One of the cuffs is left out

and replaced with a platinum wire that acts as the common ground and return-electrode for

electrical stimulation. The external wires are attached to two connector blocks connected

to external recorders via two standard 40-pin Omnetics nano connectors.

4.1.2 Peripheral Nerve Recording

We use two Scorpius devices to acquire ENG signals from 16 differential electrodes across

four implanted arrays. The top four electrodes with the best SNR are selected from each

array. We want to include signals from a wide selection of nerve fascicles even though the

“sensory” channels may have fewer activities than “motor” channels. A customized adapter

is used to route recording channels to desirable electrodes manually. Figure 4.3 presents a

typical data sequence recorded during an experiment session. Here the patient is asked to

perform a mirrored bilateral task of opening and closing all five fingers (M9: fist/grip) on

both able and injured (phantom) hands. The Scorpius system acquires ENG signals from

the injured hand while the data glove simultaneously captures the intended movements

from the able hand. Figure 4.3(A, B) show the filtered data in the low (30-600 Hz) and

high (300-3000 Hz) frequency band corresponding to the trajectory of a finger obtained by

the data glove. 8-order Butterworth filters are used with the forward-backward zero-phase

filtering technique to avoid any distortion. Figure 4.3(D, E) show the zoom-in of the data

window marked in Figure 4.3(A, B).

The acquired ENG signals show rich dynamics with characteristics that suggest the pres-

ence of voluntary compound action potentials (vCAP)2 and single-axon potentials (spikes).

vCAP are likely associated with the low-frequency band (Figure 4.3(A, D)), while spikes

tend to be more prominent in the high-frequency band (Figure 4.3(B, E)). The proportion

of each type of ENG signals on a particular electrode depends on its placement during the

implant surgery and cannot be easily controlled. To maximize the chance of extracting

2Conventionally, CAP refer to the responses produced by all the nerve fibers to electrical stimulation
(eCAP). However, several studies have reported recording of naturally-evoked (nCAP) [93, 116, 117] or
spontaneous (sCAP) [38] potentials. These nCAP/sCAP have a much smaller amplitude than eCAP because
not all nerve fibers are recruited. Here we loosely use the term voluntary CAP (vCAP) to differentiate the
acquired signals from other modalities. We conjecture that vCAP comprises numerous individual potentials
produced by the subject voluntary movement.
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Figure 4.3: Acquired ENG signals show rich dynamics of the compound and

single-axon action potentials. (A) Low-frequency (30-600 Hz) and (B) high-frequency

(300-3000 Hz) components of the recordings. (C) The spectrogram of two channels showing

a clear correlation with intended movements. (D, E) Zoom-in of the data window marked

in (A, B). (F) Power spectral density analysis of two channels in (C) shows the vibrant

differences in ENG dynamics between two gestures M0 and M9. (G) Spike sorting analysis

indicates ENG signals in the high-frequency band can be assembled into spike clusters with

characteristics consistent with single-axon potentials. (H) The statistical distribution of the

inter-spike interval of different spike clusters. (I) Firing rate of two spike clusters where one

cluster is in phase and the other is out of phase with the movement.
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information encoding motor intention, we specifically choose a mixture of electrodes that

express both types of data.

Figure 4.3(C) presents the spectrogram of the two channels (channel 2 and 3) that have

particularly large low-frequency activities. The signal’s dynamics show a clear correlation

with the intended movements and distinguishable from the noise floor. Next, we divide

the data into segments of resting (M0), movement (M9); and perform the power spectral

density estimation using Welch’s method. As shown in Figure 4.3(F), there are vibrant

differences in ENG dynamics between two gestures M0 and M9. The data also suggest that

most of the control signals’ power concentrates in the 25-600 Hz bandwidth, which mainly

includes vCAP and large bursts of spiking activities. Despite only containing a subset of

the motor information, this data bandwidth has the largest SNR and would be our neural

decoders’ primary target.

Figure 4.4: Spike clusters isolated in a single experiment session. Almost every

recording channel exhibits prominent spiking activities that can form clusters with distinc-

tive waveform, distribution, and SNR. Here we only show clusters with the best SNR with

at least 50 spikes from each channel.

To evaluate the characteristics of the high-frequency band data, we perform spike sorting

82



analysis using the amplitude-based detection and principal component analysis (PCA)-

based sorting techniques as in [191]. All intrafascicular channels display clear neural spikes

activities. Figure 4.3(G) presents examples of the spike cluster isolated from one recording

channel over the entire experiment session (60min). Figure 4.3(H) shows the distribution

of inter-spike intervals. Figure 4.3(I) shows the firing rate of two spike clusters modulated

by the finger movement. One cluster is in phase, and the other is out of phase with a joint

movement. The results show standard waveform and statistics that are consistent with

single-axon nerve activities.

Additional spike clusters isolated from every channel in a single experiment session are

provided in Figure 4.4. Each cluster has at least 50 spikes with SNR ranging from 4.7-

11.9 such that they can be adequately separated from the noise floor using spike sorting

techniques. The spike clusters have the peak-to-peak amplitude substantially smaller than

vCAP signals yet can still be distinctly separated from the noise floor. The noise floor

is calculated by taking the rms value of data sequences during resting where no neural

activities are present. This results in a 5-6 µVrms noise floor in 300-3000 Hz, which is

typical for the FS amplifier’s electrical noise plus the electrode interface noise.

Furthermore, an open question calls for further investigation into the acquired neural

data’s EMG/ENG nature. While both EMG and ENG recordings may be used to control

basic prosthetic functions such as grasping, the EMG component alone cannot be used to

facilitate intuitive hand movements because they do not contain any information belonging

to missing muscles. A dexterous prosthesis approaching a natural hand is only possible if the

decoder has comprehensive access to the nervous system through the acquired neural data’s

ENG component. An ENG-system can also be applied to a wider population of patients

with various levels of amputation. With the current experiment setup, while it is difficult

to separate the EMG and ENG components due to their overlapping frequency bandwidth,

there is adequate evidence to suggest that the acquired data contain all or mostly ENG

signals:

� The recording channels are physically very closed to each other and strategically

located far away from residual muscles. The intrafascicular contacts are 0.5mm apart,

and the electrode arrays are implanted about 1cm apart. The implantation location

is near the far end of the amputated limb, away from active muscles in the forearm.

As a result, volume-conducted EMG signals should appear on all recording channels

with similar waveform and amplitude, which is not evident in the acquired data.

� ENG components typical of spontaneous single-axon action potentials (i.e., spikes) can

be found across all recording channels, which indicates the electrode contacts success-

fully interface with nerve fibers. These neural spikes can form clusters with nominal

waveform and inter-spike interval. Some spike clusters have excitatory behavior, while
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others have inhibitory behavior.

� There is a clear separation between control signals in the median and ulnar nerve.

This characteristic can only be explained if ENG is the dominant component of the

neural data. For example, the signals controlling the thumb’s flexing appear strongly

in the median channels, but none can be found in the ulnar channels.

� The AI decoder can predict all five fingers’ movement with high accuracy and dex-

terity, including flexion/extension and abduction/abduction, which suggests the data

consist of mostly ENG signals. EMG signals do not contain sufficient information for

such tasks because the hand muscles are no longer present.

� The patient is asked to contract the residual muscles in the amputated limb purposely

but could not reproduce the recorded waveform. We also note that the signals acquired

when flexing each finger remain the same regardless of the arm’s position.

4.1.3 Peripheral Nerve Stimulation

Figure 4.5(A) shows the experiment setup for restoring somatosensation with electrical

microstimulation. Three Scorpius devices are used in this setup, which can address 24

independent stimulation channels. The prosthesis is a heavily modified i-Limb Access hand

(Touch Bionics, Livingston, UK). The hand is equipped with touch sensors at the fingertips.

We use off-the-shelf resistive pressure sensors (FSR 400, Interlink Electronics, CA, USA)

or capacitive force sensors (SingleTact, Medical Tactile Inc., CA, USA). The prosthetic

hand’s driver is replaced with a customized controller using the ESP32-WROOM-32 module

(Espressif Systems, Shanghai, China). The ESP32 module samples force readouts from the

sensors at 50Hz and relays data to the host server via a Bluetooth link. The host server

uses the sensor readouts to modulate the stimulation pulses’ current amplitude to create

various levels of touch sensation.

The stimulation is applied to an electrode with clear sensory precepts from previous map-

ping experiments [138]. The stimulator chip is programmed to produce cathodic leading,

biphasic, symmetric pulses with a 0.4msec pulse-width and 40Hz rate. The current ampli-

tude ranges from 220µA to 280µA for this particular electrode. The lower threshold 220µA

is the smallest current amplitude that the patient can barely perceive sensation, while the

higher threshold 280µA is the highest current amplitude that the patient can comfortably

receive without experiencing pain. Thus it is essential to produce a precise current ampli-

tude within this range to deliver desirable sensory feedback from light to strong touch. It

also is worth noting that the current thresholds vary widely across electrodes, even for those

within the same microelectrode array. The thresholds could be as low as 15µA and as high

as 1000µA. However, for any specific electrode, the “working” range (i.e., lower-to-higher

threshold) is typically 50-100 µA. The stimulator’s super-resolution allows modulating the
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Figure 4.5: Restoring somatosensation with electrical microstimulation. (A) The

modified prosthetic hand is equipped with touch sensors at the fingertips. (B) The sensor’s

readouts are used to modulate the current amplitude in real-time to create a continuous

sense of touch. (C) The time-interleaved stimulation pulses where there are two or more

active channels. (D) Neural recordings from nearby electrodes show stimulation artifacts

overlapped with nerve signals. (E) Artifacts can be removed to recover most of the nerve

signals for motor decoding purposes
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current amplitude with 1µA precision at any threshold within a 10-1100µA range.

Figure 4.5(B) shows the stimulation pattern as the prosthesis touches and releases an

object where the current amplitude is proportional to the applied force. The stimulation

pulses are only generated when the sensor readout is above a certain threshold. Figure

4.5(C) illustrates the time-interleaved stimulation protocol with at least 1msec separation

when sensory feedback is simultaneously delivered on two or more channels. This is not

due to the circuits’ limitation but because the patients report unreliable perception when

multiple electrodes are concurrently stimulated. Figure 4.5(D) presents neural recordings

acquired by the Scorpius system from nearby electrodes, which show the stimulation arti-

facts overlapped with the nerve signals. The artifacts can be removed to recover most of

the nerve data for motor decoding purposes, as shown in Figure 4.5(E). Here the artifacts

are removed offline using the template matching method. A brief duration of 2-3 msec at

the onset of each stimulation pulse is removed and replaced with a straight line because the

recorder’s input is fully saturated.

Figure 4.6: Object hardness discrimination task with somatosensory feedback.

(A) Photo of the experiment setup. The patient is blindfolded and uses the prosthetic hand

to discriminate three putties with different hardness (soft, medium, hard). (B) Somatosen-

sory feedback increases the discrimination accuracy while being more intuitive.

Figure 4.6(A) shows an object hardness discrimination task to demonstrate the benefit

of having somatosensory feedback for an amputee. The patient is blindfolded and uses

the prosthetic hand to discriminate three putties with different hardness (soft, medium,

hard) that are randomly given. In each session, the patient performs 20-30 trials with

and without somatosensory feedback. Figure 4.6(B) presents the results indicating having

somatosensory feedback significantly increases the discrimination accuracy. Furthermore,

the patient reports that somatosensory feedback makes the task greatly more intuitive and

efficient. Without touch sensory, the patient needs to use the entire prosthetic arm to
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“feel” for the object. He remarks that while it might be possible to match the accuracy

with enough practice, doing so is mentally exhaustive and makes the prosthetic less useful.

This observation is consistent with past studies, which overwhelmingly suggest that artificial

somatosensory feedback benefits the performance and confidence of using the prostheses in

daily living [48,53,153].

4.2 Decoding Individual Finger Movements

4.2.1 Mirrored Bilateral Training

Motor decoding data are obtained via the mirrored bilateral training with a data glove,

as illustrated in Figure 4.7(A), which has been successfully implemented in similar studies

[80,155]. The patient is asked to perform various gestures with the able hand while imagining

doing the same movement simultaneously with the injured (phantom) hand. Nerve data

from the injured hand are acquired from implanted microelectrodes, while a data glove

concurrently captures the intended motions from the able hand. We use the VMG 30 glove

(Virtual Motion Labs, TX, USA) and the Data Glove 14 Ultra (5DT, FL, USA). Both glove

models can acquire 15 DOF corresponding to the movement of key joints, as shown in Figure

4.7(B). They include the flexion/extension of all five fingers (D1-D10), abduction/adduction

(D11-D14), and thumb-palm crossing (D15). The glove’s data are used as the ground-truth

label for training and benchmarking the deep learning model.

While it may be appealing to be able to demonstrate independent and exclusive control

of 15 individual DOF, there are several practical challenges to this approach.

� It technically requires training and testing all 215 combinations of all the DOF, which

is not possible.

� In daily living activities, most people only use a small fraction of these possible ges-

tures, which almost always involve two or more DOF movements.

� It may not even be possible to control 15 DOF independently. For example, many

people struggle to flex the little finger without also bending the ring finger.

In fact, multiple DOF’s coherent motions contribute to the human hand’s intuitiveness and

dexterity that cannot be easily replicated by a mechanical prosthesis. Here we must accept

the trade-off between practicality and generativity by starting with the most common hand

gestures such as flexing fingers, grasping, pinching, etc. In future studies, additional gestures

could be added like thumb up, pointing, etc. Thanks to the robustness of deep learning,

this can easily be done by adding more data into the existing dataset and fine-tuning the

models without any other modifications to their architecture.

Figure 4.7(C) illustrates different hand gestures utilized in this experiment, which are

selected to elicit at least two or more DOF at once to various degrees. They comprise of
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Figure 4.7: Mirrored bilateral paradigm for collecting motor training data. (A)

Illustration of the mirrored bilateral training where nerve data are acquired from the injured

hand while ground-truth movements are simultaneously acquired from the able hand. (B)

Map of 15 DOF captured by the data glove and their corresponding joints on the hand. (C)

Illustration of different hand gestures used for training. The gestures are selected to elicit

at least two or more DOF simultaneously. (D) Example of intended movement trajectory of

two different gestures: M2 (index flexion), where only 4-5 DOF corresponding to one finger

are strongly elicited, and M9 (fist/grip), where almost all DOF are excited to some degree.

individual finger flexion (M1-M5), two or three fingers pinching (M6-M8), and fist/gripping

(M9). Resting (M0) is used as the reference position. In each experiment session, the

patient repeatedly alters between resting (M0) and one of the other hand gestures (M1-

M9) at least 100 times, where neural data and intended motions are continuously recorded.

Incorrect trials are manually discarded upon visual inspection. They mostly consist of trials

where the burst of neural activities do not synchronize with the movement ground-truth

due to the data glove’s inconsistent timing. The final dataset, which is used to train the

AI models, has a total of 760 trials. Figure 4.7(D) shows typical examples of the raw data

acquired by the data glove during the experiment. In certain gestures such as index flexion
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(M2), only 4-5 DOFs out of 15 DOF are strongly excited, while in others such as fist/grip

(M9), almost all DOF are elicited to some degree.

4.2.2 Spectro-Temporal Signatures of Hand Gestures

Figure 4.8 and Figure 4.9 compares the spectrogram of different channels that show strong

nerve activities during training segments consisting of three movements. Ch-2, Ch-3 are

from the first fascicle in the median nerve; Ch-5, Ch-6 are from the second fascicle in the

median nerve; and Ch-14, Ch-15 are from the second fascicle in the ulnar nerve. The

results indicate that each hand gesture has a distinct spectro-temporal signature that is

highly correlated with the finger movements. In this study, these signatures are used as the

basis to decode the patient’s motor intention. Here we specifically select the channels and

gestures with visually observable signatures. The discrepancy is dimensionally complex in

other training sessions and channels and not always obvious to the naked eyes. Therefore,

machine learning is the most advantageous approach to implement the motor decoder.

Furthermore, nerve activities are consistent with the human anatomy. The median nerve

mostly innervates the thumb, index, middle, and half the ring fingers, while the ulnar nerve

is with half the ring and the little finger. The spectrograms show that when flexing the

thumb (M1, M9), ENG signals are more prominent in the median nerve and less notable

in the ulnar nerve. Opposite observations can be seen when inspecting the spectrograms

associated with the ring finger (M4, M9). This further reinforces the capability of the

Scorpius system in acquiring ENG signals with the necessary information to decode the

intended movement of individual fingers.

4.2.3 Deep Learning-Based AI Neural Decoders

Figure 4.10(A) presents an overview of the back-end data analysis paradigm, including

pre-processing procedures and motor decoding using deep learning. In this work, the data

are processed offline with the primary goals of (i) demonstrating ENG recordings obtained

from the proposed Scorpius system contain sufficient information for multi-DOF motor

decoding; and (ii) determining the best machine learning approach to extract and interpret

this information.

Pre-processing : The recorded data, including neural signals from the Scorpius system

and the labeled ground-truth movements from the data glove, are segmented into individ-

ual, non-overlapping trials of approximately four seconds. The raw neural data are first

pre-processed by applying anti-aliasing filters and downsampling four times. Next, neural

features are extracted using the short-term Fourier transform (spectrogram) with 20 ms

steps. We compute the average power spectral density of 32 frequency bins spaced on a

log scale from 150-3000 Hz for each channel. We choose a conservative cut-off frequency
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Figure 4.8: Unique spectro-temporal signatures associated with each hand ges-

ture (1/2). Spectrogram of different channels shows strong nerve activities during training

segments consisting of three movements. Each hand gesture has a distinct spectro-temporal

signature that could be visually observed. Nerve activities when flexing the thumb (M1 and

M9) are more prominent in the median nerve and less notable in the ulnar, which is con-

sistent with human anatomy. Opposite observations can be seen with the ring finger (M4

and M9).
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Figure 4.9: Unique spectro-temporal signatures associated with each hand ges-

ture (2/2). Spectrogram of different channels shows strong nerve activities during training

segments consisting of three movements. Each hand gesture has a distinct spectro-temporal

signature that could be visually observed. Nerve activities when flexing the thumb (M1 and

M9) are more prominent in the median nerve and less notable in the ulnar, which is con-

sistent with human anatomy. Opposite observations can be seen with the ring finger (M4

and M9).
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Figure 4.10: Overview of the data processing and deep learning-based AI neu-

ral decoders. (A) Diagrams of the signal pre-processing flow, including filtering, feature

extraction via spectrogram, and motor decoding using deep learning-based AI models. (B)

The AI model design is based on a 26-layer recurrent neural network (RNN) architecture,

including residual, recurrent, and attention blocks. A total of 15 AI models with the same

structure are trained for every DOF. Each model takes the input from all 16 recording

channels.

of 150Hz to capture most of the ENG signals’ power while minimizing the EMG signals

and motion artifacts that may occur during the experiment and tend to locate in the lower

frequency band. This results in an input of dimension [16 channels] x [32 bins] x [200 time-

steps], which is reshaped into an [512 x 200] “image” for the deep learning model. Here

spectrogram serves as feature extraction and dimensionality reduction, which significantly

lower the AI decoder’s complexity. While it is possible to design deep neural networks that

directly use raw neural data, the number of parameters/layers and computational resources

needed would be considerably higher, making it further difficult to translate into real-world

applications.

Deep learning model : Figure 4.10(B) presents the design of the core AI decoder, which

is based on the RNN architecture with the use of long-short term memory (LSTM) cells.

The RNN architecture is among the most advantageous approaches for handling sequential

modeling problems [54, 69, 171, 199]. Here we developed a self-attention mechanism with
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the RNN to encode the recorded high-dimensional signals into a 64-dimensional neural code

that can be used to generate the motion trajectories. The network architecture comprises

21 convolutional layers, two recurrent layers, two attention layers, and an output layer.

Following common practices in deep learning, we optimize these numbers by gradually

adding network layers. We track the increase of the decoder performance using 5-fold cross-

validation. The performance converges as we stack more residual blocks, LSTM layers, and

attention blocks. Additional layers beyond this point tend to cause over-fitting.

We train 15 AI models separately, where each model decodes the trajectory of an indi-

vidual DOF. All 15 models have the same architecture (i.e., number of layers, parameters,

etc.) and take the input from all 16 recording channels. There are two technical reasons for

this. First, the training process (i.e., learning rate, decay rate, number of epochs, etc.) can

be optimized for individual DOF to achieve the best prediction accuracy while preventing

over-fitting. For example, here the D5 model (thumb) tends to converge in fewer epochs

than the D1 model (little finger) because the signals are more distinguishable on the median

nerve. Second, the system would be more robust because if one model has poor accuracy

or fails during normal operation, it would not affect others’ performance.

Convolutional layers: Convolutional layers are used to encode local patterns of the input.

All convolutional layers have 32 filters with a kernel width of three. After each convolutional

layer, we apply batch normalization and a rectified linear unit (ReLU) activation. The batch

normalization is a technique that normalizes a layer’s inputs to result in a zero-mean output

activation and one std [73]. It can improve the performance and stability of neural networks.

The ReLU activation function which is defined as f(x) = max(0, x) is the most popular

activation function for deep neural networks [123]. It overcomes the vanishing gradient

problem, allowing networks to learn faster and perform better. Inspired by the design of

residual networks [65], we stack ten residual blocks with two convolutional layers each,

following a convolutional layer that reduces the input dimensionality. Every other residual

block subsamples its inputs by a factor of two. We also apply dropout [160] between residual

blocks with a probability of 0.1.

Recurrent layers with attention: To accumulate local information across time, we feed

the convolutional layer outputs into a two-layer recurrent network, one temporal step at a

time. LSTM cells are used as the basic RNN unit. Each LSTM cell has 64 hidden units.

After each recurrent layer, we apply a dropout with a probability of 0.2. The recurrent layer

outputs are linearly combined across time, with dynamic combination weights determined

with a self-attention mechanism. The self-attention block comprises two dense layers with

a ReLU in between, which computes one attention weight for each temporal step. The

softmax-normalized weights are multiplied with the hidden states of the LSTM, generating

a 64-dimensional code that represents the entire input signal.
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Output layer : Since our experiments only consist of simple finger motion, a linear pro-

jection output is sufficient to decode the hidden code into an output motion trajectory. For

more complex motion patterns, this linear decoder can be replaced with a deeper network

structure.

4.2.4 AI Models Training and Benchmarking

Training process: The dataset is randomly split across all the trials, with 50% of the data

used for training and 50% used for validation. The validation data are not seen by the

model during the training process and do not overlap with the training data. We train the

model using a loss function that combines both mean squared error (MSE) and variance

accounted for (VAF), which is denoted as:

Loss(y, ŷ) = MSE(y, ŷ) + αlog(2−VAF(y, ŷ))

MSE(y, ŷ) =
1

N
ΣN
i=1(ŷi − yi)2

VAF(y, ŷ) = 1− ΣN
i=1(ŷi − yi)2

ΣN
i=1(yi − ȳi)2

(4.1)

where α = 0.05, N is the number of samples, y is the ground-truth trajectory, ŷ is the

estimated trajectory, ȳ is the average of y. The values of y and ŷ are normalized in a [0, 1]

range, where 0 represents the resting position, and 1 represents the fully flexing position.

MSE and VAF are used as the quantitative performance metrics to measure the decoding

algorithm’s regressive prediction.

The model parameters are randomly initialized as described by [64]. We use Adam

optimizer [91] with the default parameters β1 = 0.99, β2 = 0.999, and a weight decay regu-

larization L2 = 10−5. The minibatch size is set to 38, with each training epoch consists of

10 mini-batches. The learning rate is initialized to 0.005 and reduced by a factor of 10 when

the training loss stopped improving for two consecutive epochs. These hyperparameters are

chosen via a combination of grid search and manual tuning.

Baseline models: The proposed deep learning-based AI model is compared with support

vector machine (SVM), random forest (RF), multilayer perceptron (MLP), and convolu-

tional neural network (CNN). The SVM parameter is set to C = 1. The RF model has 40

trees with a maximum depth of three. The MLP has three hidden layers of 128 units each.

The CNN model is created by replacing the recurrent and attention layers of the proposed

RNN model with two dense layers of 128 units.

Hardware specifications: Training the AI models is a computationally intensive task;

thus it is done on a desktop PC (Intel Core i7-8086K CPU, NVIDIA Titan XP GPU). On

the other hand, data acquisition and motor decoding (i.e., deep learning inference) require
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much lower computational resources. We collect training data and perform decoding using

both the desktop PC and a laptop (Intel Core i7-6700HQ CPU, NVIDIA GTX 970M GPU)

with no significant performance differences.

4.2.5 Dexterous Control of Individual Fingers

The performance of the proposed RNN model is compared to other baseline algorithms.

They include three “classic” machine learning algorithms: SVM, RF, MLP; and a deep

learning model with a simpler architecture: CNN. Figure 4.11(A) shows examples of pre-

dicted trajectories of 15 DOF produced by each algorithm against the ground-truth move-

ments. In most cases, all algorithms can predict each DOF’s course motion, i.e., whether a

finger moves in a specific gesture. However, the two deep learning models, CNN and RNN,

always yield a more accurate estimation of the fine trajectory, which is crucial for achieving

natural movements.

In Figure 4.11(B), for better visualization, the predicted trajectories are mapped onto a

3D model of the prosthetic hand via the MuJoCo platform [94]. We present the mapping of

three gestures: thumb flexion (M1), index pinch (M6), and fist/grip (M9), which represent

three different classes of motion where one, two, and all fingers move, respectively. In more

complex gestures like M6 and M9, the fine timing and relative relation between multiple

DOF become essential to form functional and natural movements. Classic algorithms like

SVM, RF, and MLP fail to accomplish this goal even though their raw output trajectories

(Figure 4.11(A)) may not look much different from the ground-truth.

Figure 4.12 reports the comparison of all algorithms using standard quantitative met-

rics, including MSE and VAF. For each DOF, the result shows average performance across

all movements. To verify the significance of differences between RNN and the other de-

coders, we conduct paired t-tests with a Bonferroni correction. The results indicate that

the performance differences in MSE and VAF are statistically significant, with p < 0.001.

The proposed RNN model consistently outperforms other algorithms, including CNN across

all 15 DOF, yielding measurable lower MSE and higher VAF scores. It is worth noting that

the MSE plot is shown on a log scale. In some cases like D7, D9, and D10, RNN offers

3-4 times lower error than SVM and RF. However, MSE cannot be used to compare the

relative performance among different DOF. Some joints like D1-D5 move significantly less

than the others resulting in a lower MSE baseline. This is the limitation of the hand ges-

tures used for training and the flex sensors’ implementation in the data glove. VAF scores

offer a more realistic benchmark. In most DOF with substantial movements (D5-D15), the

RNN achieves VAF scores of 0.7-0.9 (out of a maximum score of 1). These are equivalent

to near-natural movements of individual fingers.

Figure 4.13(A) shows the amputee demonstrating real-time control of the prosthetic
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Figure 4.11: Decoding output of RNN in comparison with other machine learn-

ing algorithms. We benchmark the proposed RNN model against three “classic” machine

learning algorithms: SVM, RF, MLP; and a deep learning model with a simpler architec-

ture: CNN. The fine timing and relative relation between multiple DOF are essential to

forming functional and natural movements. (A) Ground-truth and predicted trajectories

of each DOF. (B) The output trajectories are visualized by mapping to a virtual hand

(MuJoCo).

96



Figure 4.12: Quantitative metrics showing RNN consistently outperforms other

algorithms. (A) Mean-square-error (MSE). (B) Variance accounted for (VAF).

hand with the proposed nerve interface and motor decoding paradigm. A desktop PC

is used to acquire, process, and decode nerve data streams. Extracted ENG signals are

visualized on the monitor in real-time, showing a strong correlation with the patient’s

motor intents. The decoded finger movements are mapped to the virtual hand as well as

a physical prosthetic hand. The patient verifies he has control of independent fingers, and

the control is substantially more intuitive and natural than existing commercial schemes

based on EMG. The following is the patient’s testimonial during an experiment:

[Dr. Keefer]: Can you make any possible comparisons between moving the finger

in your intact hand versus what you are doing here?

[Patient]: It seems really natural. [...] Once you get the hang of it, it’s [...] very

close to a natural intention.

[Dr. Keefer]: Do you have truly independent finger control, not like the grasp

patterns that are programmed into your [prothesis]?

[Patient]: Absolutely! This is nothing like a grasp pattern. This is... I think

with training for myself and then learning models like this, I can get back to a

natural hand movement.
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Figure 4.13: Demonstration of real-time motor decoding with the amputee. (A)

The patient verifies he has control of independent fingers, and the control is substantially

more intuitive and natural than existing commercial schemes based on EMG. (B, C) We

bind the hand gesture predictions to individual keystrokes on the computer, allowing the

patient to play video games with only his thoughts.
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Figure 4.13(B, C) shows the amputee using the nerve interface to play various video games

with only his thoughts. We threshold the finger movements’ prediction to generate a classifi-

cation map of various hand gestures and bind each gesture to an individual keystroke in the

computer. For example, thumb flexion to “Space” key, index flexion to “W” key, fist/grip

to “F” key, etc. This allows the patient to perform various actions in video games34 with

his thoughts like moving up/down/left/right and firing primary/secondary weapons. The

experiment shows that a nerve interface could open up opportunities for other applications

beyond controlling a prosthesis.

4.3 Portable, Self-Contained Neuroprosthetic Hand

4.3.1 Edge Computing Enables Portable AI Neural Decoders

While the miniaturized interface between the human peripheral nerves and AI neural de-

coders could enable dexterous and intuitive control of neuroprosthetic hands, applying deep

learning-based AI models on portable devices for long-term clinical uses remains challeng-

ing [51,179]. The efficacy of deep learning AI comes at the cost of computational complexity.

It is well-known that running deep learning models on conventional central processing units

(CPU) found on most low-power platforms is hugely inefficient. In practice, the vast major-

ity of deep learning models must be trained and deployed using graphics processing units

(GPU), which have hundreds to thousands of multi-threaded computing units specialized

for parallelized floating-point matrix multiplication. As a result, until neuromorphic chips

like the IBM TrueNorth [136] become available, many portable neuroprosthetic systems

have to divert to less computational techniques like K-nearest neighbor (KNN) [27,28,145],

Kalman filter [10,49,50], or variants of artificial neural networks (ANN) [45].

Recent advancements of edge computing devices bring the potential to alleviate this

problem. Early edge computing devices focused on general-purpose applications, but there

has recently been an increase in compact hardware development for deep learning uses. One

class of such hardware includes inference-only, USB-powered devices like the Intel Neural

Compute Stick 25, and the Google Coral Accelerator6. Both use proprietary integrated

circuits that perform deep learning inference with ultra-low power consumption (<1W).

Unfortunately, the current software support is limited to highly customized neural networks,

which hinders the full potential of our neural decoder implementation based on RNN.

Another class of edge computing devices for deep learning comprises standalone com-

3Raiden V by MOSS (2016), http://raiden.mossjp.co.jp/raiden5/eng/
4Far Cry 5 by Ubisoft Montreal and Ubisoft Toronto (2018), https://www.ubisoft.com/en-us/game/

far-cry/far-cry-5.
5https://software.intel.com/content/www/us/en/develop/hardware/neural-compute-stick.html
6https://coral.ai/products/accelerator/
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puters with integrated GPU. The most well-known example is the NVIDIA Jetson family7,

which includes power-efficient, general-purpose mini-computers with CPU, GPU, RAM,

flash storage, etc., specifically designed to deploy AI in autonomous applications. While

these devices consume considerably more power (5-20 W), the current software offers full

support for Compute Unified Device Architecture (CUDA) cores, allowing direct uses of

the most popular deep learning libraries like TensorFlow, PyTorch, and Caffe. This offers

the most appropriate trade-off among size, power, and performance for our neural decoder

implementation.

Here we implement a portable, self-contained system to acquire peripheral nerve signals

and decode motor intents, enabling real-time control of a prosthetic hand with individual

finger movements. We chose the Jetson Nano module as the main processing unit that

handles all data acquisition, data processing, and deep learning-based motor decoding. We

also design customized printed circuit boards (PCB) to support the Jetson Nano’s function

and operate the robotic hand. The entire system is small enough to be comfortably attached

to the existing prosthetic limb of a transradial amputee.

The AI neural decoders based on RNN and data processing are further optimized to be

efficiently deployed on the Jetson Nano. The AI models’ performance is evaluated on able

participants using surface ENG/EMG recordings and a transradial amputee using ENG

signals. Both benchmarks show the optimized AI neural decoders could predict the fingers’

movement in real-time with high accuracy ranging from 97-99% for able participants and

95-96% for the amputee. The total time latency from data acquisition to final prediction

output varies from 50msec to 130msec, depending on the number of neural decoder models

needed. Deep learning inference accounts for over 90% of the module’s power consumption

and latency of 30msec with one model to 100msec with five models. Furthermore, we show

that the neuroprosthesis’s functions are robust when the amputee moves among various

laboratory and real-world environments, regardless of the arm/body postures.

4.3.2 System Overview and Hardware Implementation

Figure 4.14 shows the system overview of the proposed neuroprosthetic hand as a self-

contained, portable unit. It includes the Scorpius nerve interface, the Jetson Nano with

a customized carrier board, the customized hand controller, and the Li-ion battery, all of

which could be integrated into the prosthetic hand and socket’s interior. Nerve data are

acquired from several Scorpius devices and directly streamed to the Jetson Nano for further

processing.

The core of the system is the AI-engine powered by the Jetson Nano platform. We design

a customized carrier board to provide the power management and I/O connectivity for the

7https://www.nvidia.com/en-us/autonomous-machines/embedded-systems/
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Figure 4.14: System overview of the portable, self-contained neuroprosthetic

hand. It includes the Scorpius nerve interface, the Jetson Nano with a customized car-

rier board, the customized hand controller, and the Li-ion battery, all of which could be

integrated into the prosthetic hand and socket’s interior.

Nano module. The Nano module is a mini-computer equipped with the Tegra X1 system-

on-chip (SoC) with a Quad-Core ARM Cortex-A57 CPU and a 128-core NVIDIA Maxwell

GPU. The GPU has 472 GFLOPs of computational power available for DL inference. The

module can operate in the 10W mode (4-core CPU 1900 MHz, GPU 1000 GHz) or the 5W

mode (2-core CPU 918 MHz, GPU 640 MHz). Here fully-trained deep learning AI models

are deployed to translate nerve signals to the subject’s true intentions of individual finger

movements in real-time. The final predictions are sent over to the hand controller to actuate

the prosthetic hand.

The hand itself is based on the i-Limb platform with five individually actuated fingers.

We replace the i-Limb default driver with a customized hand controller that directly operates

the DC motors hidden in each finger according to the DL models’ prediction. The controller

is designed around the ESP32 module (Espressif Systems, Shanghai, China) with a low-

power microcontroller.

Figure 4.15 shows a closer look at the hardware implementation of individual compo-

nents. The customized hand controller board (Figure 4.15(B)) fits within the interior of

the i-Limb hand and is powered by the main Li-ion battery. The power supply circuits

provide the (3.3V) rail for the ESP32 module and the (12V) rail for the motor driver. The

motor driver circuits convert the ESP32 outputs into the pulse-width modulation (PWM)
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Figure 4.15: Hardware implementation of the neuroprosthetic hand. (A) The

Scorpius nerve interface. (B) The customized controller within the interior of the i-Limb

hand. (C) The NVIDIA Jetson Nano module (heatsink removed) and the customized carrier

board. (D) The fully-assembled system is attached to the amputee’s existing socket.

signals needed to actuate the DC motors. The Jetson Nano’s carrier board (Figure 4.15(C))

is located directly under the Nano module itself with similar physical dimensions. A 260-

pin SODIMM connector provides the interface between the two boards. The main Li-ion

battery also powers them. The power supply circuits provide the main rail (5V, 2A) for

the Nano module and other voltages (3.3V, 1.8V). USB isolators based on ADuM5000 and

ADuM4160 (Analog Devices, MA, USA) are used to prevent the digital noise from affecting

the Scorpius analog front-end performance. Other general-purpose I/O such as UART, I2C,

USB (nonisolated), etc., are also provided on the carrier board.

4.3.3 Data Processing and AI Models Implementation

Figure 4.16(A) shows an overview of the data processing flow deployed on the Jetson Nano.

The program is implemented in Python and consists of three separate threads for data

acquisition, data pre-processing, and motor decoding. The multi-threading implementation

helps maximize the utilization of the quad-core CPU and reduces the processing latency.

The data acquisition thread polls data from two or more Scorpius devices and aligns

them into appropriate channels. The data streams, one for every device, continuously fill up

the USB buffers at a bitrate of 1.28Mbps per device. Each stream contains data from eight
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Figure 4.16: Data processing and AI neural decoders implementation. (A)

Overview of the data processing flow deployed on the Jetson Nano. The program is imple-

mented in Python and consists of three threads. (B) The architecture of the deep learning-

based AI neural decoders. Up to five AI models could be deployed; each controls the

movement of one or more fingers.

channels at a sampling rate of 10kHz. Headers are also added to properly separate and

align the data bytes into individual channels, which are then placed into first-in-first-out

(FIFO) queues for the data processing thread.

The data pre-processing thread filters and downsamples raw nerve data then performs

feature extraction according to the procedures outlined in [113]. We utilize nerve data in

the 25-600 Hz band, which contains most of the signals’ power. We apply an anti-aliasing

filter at 80% the Nyquist frequency, downsamples by 2-time, then apply the main 4th-order

bandpass filter with 25-600 Hz cut-offs. Up to 60msec of raw data is occasionally discarded

to keep up with the input rate8. Fourteen features of interest are extracted for each channel.

Detailed descriptions and formulas of the features are reported in Table 4.1. Each feature

data point is computed over windows of 100 msec with 20 msec increments. The feature

data are placed into last-in-first-out LIFO queues (rolling matrices) for the motor decoding

thread.

The motor decoding thread runs deep learning inference using the most up-to-date

feature data from the LIFO queues corresponding to the past 1sec of nerve signals. There

8A small mismatch in clock frequency on each Scorpius device can sometimes cause one data stream to
have a higher bitrate than others resulting in excess data accumulated over time.
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Table 4.1: List of features for motor decoding.

are one to five deep learning models; each decodes the movements of one or more fingers.

The reason is that while an individual model can produce a [5×1] prediction matrix, it is

often difficult to train a single model that is optimized for all five fingers. For example,

the first model in Figure 4.16(A) only decodes the thumb movement. Because the control

signals associating with the thumb are the strongest among the fingers for this particular

amputee, the thumb training typically converges in 1-2 epochs. Additional training could

cause over-fitting. The final prediction output is sent to the hand controller via a serial link

for operating the robotic hand and/or to a remote computer via a Bluetooth connection for

debugging.

Figure 4.16(B) shows the AI neural decoders’ design based on the RNN architecture. It

has considerably less computational complexity, having fewer layers and parameters than

the architecture proposed in the previous section to be efficiently deployed on the Jetson

Nano. The input matrix dimensions are [224×50] = [16 channels] × [14 features] × [50 time-

steps]. The output matrix dimensions are [5×1] corresponding to five fingers. The design is

modified from [113] by adding and removing certain layers while tracking the overall efficacy

using the 5-fold cross-validation on a small batch of data. The initial convolutional layer

identifies different representations of data input. The subsequent encoder-decoder utilizes
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gated recurrent units (GRU) to represent the time-dependent aspect of motor decoding.

The two linear layers perform analysis on the decoder’s output and produce the final output

matrix, which are the probabilities individual finger is active. Overall, each model consists

of 1.6 million parameters in total.

We train the models using the Adam optimizer with the default parameters β1 = 0.99,

β2 = 0.999, and a weight decay regularization L2 = 10−5. The mini-batch size is set to

64. The number of epoch (2-10) and initial learning rate (10−4 − 10−3) are adjusted for

each model to optimize the performance while preventing over-fitting. The learning rate

is reduced by a factor of 10 when the training loss stopped improving for two consecutive

epochs.

Figure 4.17: Real-time performance metrics of portable AI neural decoders.

(A) Overall time latency calculated from the moment nerve data are acquired until the

corresponding prediction is produced (i.e., input lag). (B) Maximum throughput of the

motor decoding pipeline (i.e., frame rate).

Figure 4.17(A) shows the overall time latency calculated from the moment nerve data

are acquired until the corresponding prediction is produced (i.e., input lag). This metric

determines the system’s responsiveness and is essential for real-time operation. The latency

mainly consists of the data pre-processing and the deep learning inference steps. Only

the latency of deep learning inference increases linearly as more DL models are used. The

overall processing time is imposed by the CPU and GPU’s clock speed, which is subsequently

limited by the power budget. Switching the Jetson Nano’s power mode from 5W to 10W

cuts down the latency approximately by half.

Figure 4.17(B) shows the maximum throughput of the motor decoding pipeline, which

measures the number of predictions produced per second (i.e., frame rate). This metric

also contributes to the system’s responsiveness. We achieve a decoding rate significantly

105



higher than the inverse of the time latency thanks to the multi-threading implementation.

Similar to the latency, the decoding rate is also decided by the number of DL models and

the Jetson Nano’s power budget.

4.3.4 Functional Verification with Able Participants

The system functionalities are first verified using surface recordings from able participants.

Figure 4.18(A, B) shows the experiment setup using wet-gel Ag/AgCl electrodes (1cm x

2cm) to obtain data from the median and ulnar nerve. The electrodes are placed along

the wrist area, where two nerves run nearest to the skin’s surface. The bipolar electrodes

are spaced approximately 1cm apart. The acquired data are mixtures of both ENG signals

from the two nerves and EMG signals from nearby hand and forearm muscles. Because able

participants have strong ENG/EMG signals with all intact muscles, merely two channels are

needed to decode the finger movements. We combine channels 1-4 and 5-8 on one Scorpius

device to acquire data from the median and ulnar electrodes, respectively. Another device

is included to match the 16-channel input from the amputee setup but is kept unattached

and only records random noises.

The training data are acquired with a desktop PC using the same mirrored bilateral

paradigm. Nerve signals are obtained from one hand with the Scorpius system, while

labeled ground-truth movements are captured from the other hand using a data glove. In

each experiment session, the participant is instructed to flex each finger ten times, where

the finger is held in the flexing position in about 2sec. The data glove measures the angle

of the finger’s proximal phalanx with respect to its metacarpal bone. The data are then

thresholded to produce the ground-truth labels for classification.

Table 4.2: Classification performance from able participants.

The AI models are trained on the desktop PC (Intel Core i7-8086K, NVIDIA RTX

2080 Super). We use the last experiment session (i.e., the most up-to-date nerve data)

for validation and other sessions for training. Figure 4.18(C) shows the validation results,

including the prediction probability and the classification outcome after thresholding. Table

4.2 gives the corresponding quantitative performance metrics in terms of true positive rate
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Figure 4.18: Benchtop functional verification with able participants. (A) Record-

ing configuration using surface electrodes to acquire ENG/EMG signals from peripheral

nerves and adjacent muscles. (B) Motor decoding experiments where the prothetic hand

mimics the participant’s finger movements. (C) Quantitative data show near-perfect clas-

sification results could be achieved.
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(TPR), true negative rate (TNR), accuracy, and area under the curve (AUC). The accuracy

of five fingers is from 97-99%.

The trained models are then loaded onto the Jetson Nano for inference-only operation.

Figure 4.18(B) shows the benchtop testing where the robotic hand accurately resembles

the operator’s hand gesture. It is worth noting that the robotic fingers move at a much

slower rate than the human’s hand, requiring approximately 1sec to fully flexing. Thus

its cannot truly follow the operator’s movements. This is a mechanical limitation of the

existing prosthesis. Such constraint does not apply when controlling a virtual hand (e.g.,

MuJoCo).

4.3.5 Experiments and Field Tests with the Amputee

The main experiment is carried out with the transradial amputee using ENG signals ac-

quired with the Scorpius system and implanted FAST-LIFE microelectrodes. Figure 4.19(A)

shows a zoom-in of the patient’s injured hand with the approximate implant sites and the

nerve data acquisition configuration using two Scorpius devices. The patient performs a

similar mirror bilateral training process with the data glove as described before. In addi-

tion to flexing each finger, the patient is instructed to perform various hand gestures like

fist/grip, index pinch, etc. The movement trajectories of five fingers are thresholded to

produce the ground-truth labels for classification. The AI neural decoders are trained on

a desktop PC and then loaded onto the Jetson Nano platform for inference-only operation.

Figure 4.19(B) shows the patient practicing with a neuroprosthetic hand using the Jetson

Nano controller. The patient remarks are having to “hold” a certain hand gesture for a

longer duration because the mechanical fingers move at a much slower speed than the virtual

hand.

Table 4.3: Classification performance from the amputee.

Figure 4.19(C) shows the validation results, including the prediction probability and the

classification outcome after thresholding. Table 4.3 gives the corresponding quantitative

performance metrics. Although the accuracy remains high (95-96%) for all fingers, there

are considerably more false-positives than able participants, especially with the little finger.
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Figure 4.19: Real-time motor decoding experiment with the amputee. (A) Zoom-

in of the residual limb showing the approximate implant sites and the nerve data acquisition

configuration using two Scorpius devices. (B) The patient practices controlling the neuro-

prosthetic hand (e.g., index pinch). (C) Quantitative data show high-accuracy classification

results could be achieved.
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Here we use one model to predict all five fingers. The results only include gestures yielding

the best results when training the deep learning models. The correlation among different

gestures is also relatively complex. For example, the training process indicates that the

“fist/grip” gesture is the most predictable, which converges in only 1-2 epoch; however, the

model then struggles to differentiate the “fist/grip” from the “thumb up” gesture. Feasible

approaches include fine-tuning the model’s architecture and adding more training data with

various holding patterns for each hand gesture. We also vary the amount of past nerve data

needed to decode the movement based on the patient’s feedback. Longer data significantly

increase the size of the deep learning models but could yield better prediction accuracy.

The offline analysis in [113, 131] uses 4sec of past data, while the online implementation

here only uses 1sec of past data. In general, the amputee report that shorter data makes

the system more responsive; however, too short (e.g., 0.2sec) and finger movements become

“jerky”.

Figure 4.20(A, B, C) shows the patient testing the prosthesis in the laboratory setting

with the trained models loaded onto the Jetson Nano. All the data acquisition and pro-

cessing are made on the Jetson Nano attached to the prosthetic socket. There is no wired

or wireless communication with any remote computer. The patient uses his able hand to

solely show outside observers his intention of moving the fingers for comparison. He also

tests the prosthetic hand’s robustness at various postures as holding the arm straight out

and up could introduce considerable EMG noises. The patient reports a slight change in the

system’s responsiveness, but there is no significant motor decoding accuracy degradation.

Figure 4.20(D, E) shows the patient testing the prosthesis at the building’s lobby, lounge,

and at home. There are various additional noise sources in these real-world settings that

could affect the system’s functions, such as WiFi, cellphone, electrical appliances, etc. Nev-

ertheless, we do not find any evidence suggesting any significant impact on the system’s

performance during several continuous operation hours. The following is the patient’s tes-

timonial during an experiment:

[Patient]: I feel like once this thing is fine-tuned as finished products that are

out there. It will be more life-like functions to be able to do everyday tasks

without thinking of what positions the hand is in or what mode I have the hand

programmed in. It’s just like if I want to each and pick up something, I just

reach and pick up something. [...] Knowing that it’s just like my [able] hand

[for] everyday functions. I think we’ll get there. I really do!
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Figure 4.20: Testing the neuroprosthetic hand in various real-world settings.

(A, B, C) The patient verifies the individual finger control at various arm positions in the

lab setting. (D, E) The system functions remain robust in various real-world settings.
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Chapter 5

Conclusion and Future Work

5.1 Underlying Technologies for Human-Machine Interface

This dissertation makes the following technological contributions to further the progress of

connecting the human minds and machines with a bioelectric neural interface:

First, we pioneer new circuit architectures and techniques to enhance the effective res-

olution and/or dynamic range of bioelectronics. These principles help directly extend the

information transfer rate of a bioelectric neural interface by increasing the SNR of acquired

neural data while indirectly enabling interaction with more neurons by allowing more bio-

electronics to be packed in the same chip area without trading off the performance. The

proposed techniques include FS, RS, RS-based super-resolution, and RXF. FS is a neural

amplifier architecture based on noise-optimized switched-capacitor circuits, which focuses

on shaping the recorder’s frequency response according to the 1/f characteristic of neural

data. This effectively compresses the system dynamic range and allows acquiring low-noise,

high-fidelity neural signals while robustly suppressing large motion and stimulation arti-

facts. RS a design framework that focuses on integrating information redundancy into the

system architecture to enhance AD and DA conversion processes’ precision. When prop-

erly optimized, an RS structure could elegantly exploit excessive random mismatches to

boost system effective resolution beyond limitation commonly permitted by the physical

constraints, achieving super-resolution. RXF is a practical application of RS-based super-

resolution in high-precision neural stimulator designs. RXF technique involves combining

two or more low-resolution constant-current drivers to form an RS structure capable of

producing super-resolution stimulation pulses when correctly configured. This allows the

neural stimulator to deliver the precisely-controlled amount of charge to modulate neural

circuits’ behavior.

Second, we develop a series of high-precision, fully-integrated neural recording and stim-

ulation ASIC called Neuronix and implement miniaturized devices, including the Scorpius
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system, to facilitate bidirectional communications with neural circuits. The Neuronix fam-

ily consists of millimeter-sized, multi-channel chips with low-noise neural recorders based

on the FS architecture with high-resolution SAR ADC, and high-voltage neural stimulators

based on the RXF technique. Some Neuronix embodiments are optimized for recording-

only, which offer ultra-low-noise neural data acquisition while inherently suppressing large

motion and stimulation artifacts. Other embodiments have combined recording/stimulation

functions on a single chip, which offer enhanced stimulation artifact tolerance while trad-

ing off the noise performance. The Neuronix chips are incorporated to create miniaturized

neuromodulation devices that can be powered and controlled through a single wired or wire-

less connection. We thoroughly validate these devices over a series of simultaneous neural

recording and stimulation experiments with in vitro neuronal cell culture, in vivo animal

cerebral cortex, and in vivo animal peripheral nerve. The results demonstrate the proposed

devices’ abilities to modulate the behavior while monitoring the responses from the same

neuronal population, thus providing a platform for closed-loop neuromodulation. The Scor-

pius system with multi-channel recorders and stimulators offers competitive specifications

compared to high-performance benchtop commercial systems that have been widely used

in prior human clinical trials. Scorpius is the principled platform that would enable the

subsequent neuroprosthesis experiments with human amputees.

Third, we carry out a pilot clinical trial to demonstrate the proposed bioelectronics

can facilitate a robust nerve interface between the human minds and computers, allow-

ing deep learning-based AI models to decode the amputee’s motor intents and control a

neuroprosthetic hand with dexterity and intuitiveness. The nerve interface is built around

the Scorpius devices, which enable acquiring low-noise ENG signals from peripheral nerves

through FAST-LIFE microelectrode arrays while delivering somatosensory feedback with

electrical microstimulation through the same arrays. The acquired nerve data manifest

rich dynamics of compound (CAP) and single-axon (spikes) potentials, which are highly

correlated with the patient’s voluntary motor intents and exhibit unique spectro-temporal

signatures associated with different hand gestures. We show that these signatures convey

sufficient information to be decoded by deep learning-based AI models for controlling a

multi-DOF neuroprosthetic hand with near-natural dexterity and intuitiveness that can-

not be replicated with classic machine learning algorithms. We further optimize the motor

decoding paradigm and AI neural decoders to allow them to be deployed on a portable,

battery-powered edge computing platform that can be attached to the patient’s existing

prosthetic socket. The self-contained nerve interface with embedded AI enables real-time

control of a neuroprosthetic hand with individual finger movements. This demonstrates an

example of an elementary yet definite symbiotic coordination of the minds and machines to

repair the human body’s lost function.
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5.2 Toward A Fully-Implantable Neural Interface

The definitive future work involves developing a fully-implantable bioelectric neural interface

where the microelectrodes, bioelectronics, and other auxiliary components are incorporated

into a single, hermetically sealed package. The goal is to eliminate any percutaneous wires

and external connectors, which greatly reduce the risk of infection, mechanical failures, and

environmental interferences. This would significantly extend the neural interface’s lifetime

and performance, making it one step closer to a comprehensive solution for clinical uses.

Materializing a fully-implantable system would require the coordination of several com-

ponents. The essential piece - the Neuronix chips are already designed with this goal in

mind from the very beginning. They are millimeters in size and consume microwatts of

power. Subsequent revisions of Neuronix would have more channels (32-64 per chip), are

further optimized for circuit area, noise floor, and include additional on-chip features like

digital pre-processing. Other essential pieces include battery power management, wireless

charging, and wireless data transmission to enable the functions of a hermetically sealed

implant. These technologies have become commercially available and are widely used in

modern portable devices. However, it would be challenging to efficiently integrate them into

a miniaturized package suitable for medical implants. Another challenge is that low-power

wireless data protocol like Bluetooth may not have sufficient bandwidth to support trans-

mitting raw neural data, thus requiring data pre-processing steps like feature extraction

to be implemented on the implant itself. Lastly, larger-scale clinical trials involving more

patients and take-home uses would be necessary to demonstrate the neural implants are

safe and effective for real-life applications.
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