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1 Motivation
Augmented and virtual reality are loci of increasing research and development
funding. The smartphone improves only asymptotically; at present, models
of industry leaders differ only superficially each year. AR, in particular, of-
fers opportunity for a fundamentally new basis of human-computer interaction,
making indistinguishable the real and virtual worlds and perfect substitutes of
many real and digital goods, all in a space more natural than a planar display.
Because vision is fundamental to the AR or VR experience, most resources
designated to the space are isolated to innovating optical architectures for an
improved visual experience, particularly in firms with AR ambitions: AR optics
are difficult. However, as major players release VR products with visual qual-
ity sufficient to have widespread utility, technology for interface with the other
senses has become a topic of increased interest. Methods of interaction in 3D
space are necessarily more complex than those for a planar display, and design
of AR systems for continuous waking use seriously constrains any additional
systems used for control. Auditory and haptic augmentation are of particular
interest. Auditory technology is mature and simple to unobtrusively integrate.
Haptic technology presents more of a challenge: Few consumers are willing to
carry joysticks or wear haptic gloves at all times. Methods of high-resolution
localization of the body, particularly the hands, are also of particular interest,
and are again constrained by social norms and the necessity of continuous use.
Consumers are leery of constant video surveillance, if only for the purposes of
hand tracking.

I focus on hand tracking technology: nascent but necessary for any simple
AR or VR user interface. Specifically, any manipulation of virtual objects in
3D space requires sensing and feedback of the hands: these are the agents by
which we manipulate real objects in 3D space. Even basic additional sensory
augmentation, however, can reap substantial experiential benefits. Obvious but
unwieldy methods of localization and realistic haptics exist: the aforementioned
joysticks and gloves. These technologies represent current consumer-grade prod-
uct deployments, mostly in VR, where the physical and social costs of such
systems, as well as the period of continuous use, are reduced. I explore tech-
nologies read directly from and write directly to neurons. There already exists
an information system in the human body. Terminally, it is the rational choice
for both measuring movement (motor signals) and producing stimulation. Some
sensations are inaccessible by other means. For example, muscle spindles, Golgi
tendon organs, and joint receptors produce the sensations of physical resistance
basic to physical interaction but are not available for any direct stimulation (as
contrasted to touch/pressure). But for exoskeleton concepts, neural technologies
are the only clear solution.
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2 Abstract
I construct a system that reads nerve signals from the forearm and produces,
preliminarily, predictions of fingertip position, in lieu of more generalized output.
Despite the dubious quality of my data, stunted in the frequency domain by a
low sampling rate, I create a machine-learning model that predicts the locations
of the fingertips within an inch. I reduce the model complexity for use in real
time. Nevertheless, the millimeter-level precision claimed by CTRL Labs (now
Meta), a firm producing a similar system, remains elusive. Much space for
innovation remains.

3 The Peripheral Nervous System
The nervous system is tremendously complex. Much of the nervous system,
particularly the brain, is poorly understood. The peripheral nervous system,
the nerves and ganglia exterior to the brain and spinal cord, is an attractive
locus for an interface precisely because its structure and dynamics are compar-
atively simpler, but even the peripheral nervous system represents a massively
interconnected nonlinear system [137] employing a diversity of electrical and
chemical communication techniques in a nearly intractable variety of nervous
and transductory cells. Because the hardware produced in this thesis is non-
invasive and therefore relatively low resolution, a neuron-scale understanding
of the forearm might be thought unnecessary. Indeed, the nerves of the arm
have not been mapped to such precision, and individual anatomy varies widely
(see [13] for variations of the median nerve in even a small population of cadav-
ers). Teams now at Meta producing forearm-based electromyographic (EMG)
systems similar to that in this thesis, however, claim the ability to "reconstruct
the activity of individual neurons" [4], and have, accordingly, built models that
predict the position of particular muscles important to the position of the hand.
I therefore expound the peripheral nervous system to neural resolution.

3.1 The Neuron
The basic cellular unit of the nervous system is the neuron. Neurons are dis-
tinguished from other cells by their electrical excitability and function of in-
formation transfer and processing in organisms. Neuron anatomies are diverse,
even among neurons of the same function [60], but typically include a soma (cell
body), dendrites (receptive filaments), and an axon (transmissive filament) [11].
Information transmission within individual neurons occurs primarily via action
potentials, binary, rapidly propagating inversions of the membrane potential;
however, information can also be transmitted slowly over short distances via
graded potentials, as in the retina [113]. Action potentials are also known as
spikes and sequences of action potentials as spike trains. Information travels
between neurons via the emission and reception of chemical neurotransmitters.
Dendrites, dense ligand-gated ion channels or metabotropic receptors, which
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indirectly modulate ion channels, produce changes in membrane potential as a
function of local neurotransmitter concentration, and are present in profusion,
largely electrically isolated from each other by the narrow volume adjoining each
to the soma. The soma contains the nucleus and majority of organelles. Its
surface is dense with voltage-activated ion channels, which transmit signals pro-
duced in the dendrites to the axon. The region where the axon joins the soma,
the axon hillock, has the highest density of voltage-gated ion channels [109],
used to trigger action potentials on the axon in response to sufficient collective
dendritic stimulation. The axon, a protruding filament as long as several meters,
propagates the spike, insulated intermittently by the myelin sheath, which pre-
vents ion transfer across the membrane. Myelin, a type of glial cell, increases the
velocity of signal transmission and reduces signal decay but is incompatible with
ion channels. Accordingly, nodes of Ranvier [121], axonal regions absent myelin
and dense in voltage-gated ion channels, exist intermittently to boost the signal.
At the axon’s extremity, presynaptic terminals contain action-potential-released
neurotransmitters. The chemical diffusion of neurotransmitters between cells is
slow as compared to the rate of electrical signal transmission, adding latencies of
at least 1 ms. Some particularly time-sensitive neural circuits employ electrical
synapses in which the transmissive and receptive cell membranes are joined by
pores called connexons, eliminating such delays. Neurons are facilitated in their
function by glial cells.

Glial cells, non-neuronal cells of the nervous system, provide assistive func-
tion to neurons, forming a matrix by which neurons are mechanically supported,
transporting nutrients and oxygen to the neurons they surround, and protecting
those neurons from pathogens [127]. Glial cells also have important electrical
function, forming myelin, a material that aids long-distance action potential
propagation, and electrically isolating contiguous neurons. Glia remove dead or
damaged neurons, and in the peripheral nervous system have been demonstrated
to perform neuronal repair and regeneration [8]. Present research suggests that
the ration of glial to neuronal cells correlates to neural performance; greater
metabolic function is supported by larger volumes of glial cells, and even that
increasing glial ratios in the evolving human brain might have contributed to
increased performance relative to other primates [118], though those specific
conclusions remain contested [128].

3.1.1 Information Transfer In Neurons

Action potentials are the basic unit of neural information transfer [3]. In neu-
rons they permit the swift transmission of information. Neurons maintain a
static membrane potential of approximately -70 mV, an equilibrium of sodium,
potassium, and calcium ions’ concentration gradients and electrical potentials
produced by a variety of (selective) ion channels and pumps in the membrane.
Action potentials are enabled by voltage-gated ion channels in the membrane,
which open in response to increases in local membrane potential past a threshold
voltage (typically approximately -45 mV). Sodium voltage-gated ion channels,
which sustain voltage inversions for less than 1 ms, facilitate the majority of
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action potentials, but calcium voltage-gated channels, which produce inversions
of more than 100 ms, exist in some neurons and drive repeated sodium action
potentials. Sodium-channel-based action potentials begin with the opening of
sodium voltage-gated channels, which produces a transient increase in mem-
brane potential towards the sodium equilibrium potential (approximately +70
mV). This increase in membrane potential activates potassium voltage-gated
ion channels, reducing membrane potential towards the potassium equilibrium
potential (approximately -70 mV), causing an ephemeral reduction in action po-
tential below static potential (hyperpolarization). After the passage of an action
potential, a refractory period is required to restore prepotential ion concentra-
tions. Information can also be transmitted by less binary changes in membrane
potential.

Less commonly, information is transmitted in neurons via graded potentials.
Action potentials are thought to encode information basically digitally; the am-
plitude of a particular action potential is irrelevant, only whether membrane
potential is substantially perturbed from stasis or not. Graded potentials, how-
ever, transmit information using amplitude. In neurons, the mechanisms of
graded potential propagation limit their range [50]. Graded potentials are very
susceptible to noise, but can transmit more information than spike trains, and
otherwise share many of the advantages and disadvantages of analog informa-
tion transmission as compared to digital information transmission [59]. Graded
potentials are observed in systems like mammalian retinas, permitting discrim-
ination of fine gradations in light pattern and intensity but sacrificing speed,
temporal resolution, and threshold discrimination [113]. The final major mech-
anism of information transfer in neuronal systems is neurotransmitters.

Neurotransmitters, synaptic signaling molecules, are used by a majority
of neurons for information transmission between neurons. Excitatory and in-
hibitory neurotransmitters exist; approximately one hundred distinct neuro-
transmitters have been identified [131]. Generally, neurotransmitters are stored
in vesicles that merge with the cellular membrane upon sufficient electrical stim-
ulus. Neurotransmitter molecules then diffuse across the synaptic cleft to recep-
tors on the surface of the target cell [102], introducing a delay of about 0.5 ms
to the transmission of the information. Neurotransmitter dynamics are com-
plex and the study of much pharmacological study (see [52]), but have not been
employed in neural interface systems. An understanding of the mechanisms
of neural information transfer is prerequisite to an understanding of neuronal
coding schemes.

3.2 Neural Coding
Much work remains before to produce a detailed understanding of neurons’
information coding schemes, particularly among and by ensembles of neurons,
but some basic behaviors have been identified. Neurons are thought to code near
the channel limit. Because distinct action potentials within neural systems are
nearly identical, the form of the action potential is not thought to be important
to information transmission. And action potentials are typically distinct, well
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separated. Information is therefore encoded in the temporal sequence of action
potentials (spike trains). Particular temporal coding schemes are a subject of
considerable research and debate.

The first coding theories emerged from the 1926 experiments of Adrian and
Zotterman, who tensioned muscles using masses of different weights and noted
a correlation between the number of recorded spikes and weight used for tension
[65]. Rate coding, the model that emerged in response, holds that information
in the spike train is encoded in the firing rate. A variety of neural systems have
since demonstrated performance far in excess of rate coding, transmitting accu-
rate information about stimuli with characteristic timescales of the order of the
period of a single spike [36]. Sound localization, for example, requires coding on
the millisecond scale. Even in neurons for which rate coding remains a candi-
date model, recent experiments have demonstrated that the coding scheme fails
to account for much of the signals’ total information content [68]. Furthermore,
in many systems, rate coding, if partially explanatory, has been demonstrated
to be highly nonlinear to stimulus.

As consequence of the failures of the rate coding model, a number of more
complex models of neural coding have emerged. Temporal coding holds that
neurons transmit information via the precise timing of spikes (rather than the
time-averaged rate of spikes), and has been demonstrated in coding of texture,
for example, in macaques, in combination with rate coding [80], or in rats’ coding
of whisker stimulation [38]. In phase-of-firing models, spike count and timing
relative to a reference oscillation are thought to encode information. Phase-
of-firing models again fail to explain the total information content of neural
signals, but have been shown to contribute to total information transmission in
systems like the visual cortex of macaques [93]. In correlation coding models,
correlations between spikes in a train transmit information additional to that
communicated by spike timing. Correlation coding is also thought to implement
redundancy essential to sparse temporal models. As the redundancy of commu-
nication decreases (corresponding to increases in possible information content),
noise becomes increasingly destructive to information transmission. Neurons
almost certainly communicate information via parameters of their collective re-
sponse [108]. Population coding also conceives that the collective responses of
sets of neurons is used to encode information densely at timescales shorter than
possible by individual neural response. Control of eye [69] and arm movement
[43] is more accurate than theoretically possible as a consequence of single neu-
rons. The population encoding of efferent motor signals, however, is not well
understood [108]. Empirical studies have revealed a variety of coding schemes
in different contexts; often, several coding schemes each describe a portion of
the total Shannon information transmitted by the nerve. Neuronal noise (and
the correlation of noise between neurons), however, complicates coding studies:
neuronal responses to identical stimuli are never identical, even in simple neural
systems. The mechanisms of neural information transmission, coding, remain
equivocal in practice.

Theoretical work, however, provides some basic results. Decoding sparse
temporal codes is simpler than their encoding [3]. Nonlinear encoding, for
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example, typical of modes of sensory transaction, does not require nonlinear
decoders. Shannon information theory bounds the total information content
temporally encoded (digital) spikes and rate encoded spikes, suggesting that
several bits of information may be encoded by a single spike. Empirical in-
formation content approaches theoretic limits, suggesting that theoretic results
may be approximately representative. Theoretic models suggest that temporal
coding is the brain’s dominant transmission scheme, that individual spikes, even
in ensembles of neurons, are basic to total information content. The details of
neuronal coding, particularly ensembles of neurons, are not well understood.
Machine learning models are therefore useful for elucidating their content.

3.2.1 Sensory Transduction

Mechanisms of information input to the peripheral nervous system are similarly
complex. Stimuli are encoded logarithmically into the amplitude of the graded
change in receptor potential (short receptors) or modulation of the frequency of
a spike chain (long receptors) [37]. Sensory receptors generally saturate at high
stimulus levels and adapt to sustained stimuli. Receptors that adapt over long
durations are useful for measuring stimulus duration; those that adapt quickly
measure rapid changes to stimuli.

Afferent neurons in the skin, somatosensory (delocalized) nerves, terminate
in a variety of structures, each activated by distinct stimuli and corresponding
to a particular sensation. Such structures include Merkel’s disc, small receptive
fields stimulated by sustained pressure; Ruffini’s corpuscle, large receptive fields
stimulated by sustained tension; Meissner’s corpuscle, small, extremely sensi-
tive receptive fields stimulated by light pressure and low-frequency pressure;
the Pacinian corpuscle, large receptive fields stimulated by vibration and low-
frequency pressure stimulus; and hair follicles, sensitive to minute movements
of particular hairs.

Figure 1: Peripheral receptors’ responses, fields, and functions, per [66].

Receptors are dense and diverse in the skin; decoding output of even a small
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area (particularly when the nerve signals are very spatially dense) is exceedingly
complicated.

3.3 Motor Output
In humans, motor impulses originate in the primary motor cortex. Motor out-
put density (and somatosensory density) varies widely; the hand (primary mode
of physical interaction) as well as the lips, jaw, and tongue (regions associated
with speech production) are particularly dense in motor output. Nerve output
to the hand is therefore a promising candidate as a region to use for high data
rate information transfer out of the brain. Impulses travel to and down the
spinal cord via the upper motor neurons and to the α motor neurons, which
transmit the signals to the extrafusal muscle fibers via the neuromuscular junc-
tion. α motor neurons are heavily myelinated and larger in diameter than other
nerve cells as to increase transmission speed. An individual motor neuron may
innervate many muscle fibers. Extrafusal muscle fibers compose the majority of
muscle tissue.

Figure 2: A representation of the varying density of neural output and input
[102].

3.4 Neuroanatomy of the Hand
Three primary nerves service the hand. Branching from the brachial plexus,
itself formed by the C5 and T1 spinal nerves, are the median, ulnar, and radial
nerves. Each contains both efferent and afferent fibers. The median nerve
enervates specific actions of the elbow, forearm joints, wrist joints, motions of
the outer joints of the second through fifth digits (the fingers), and motions
of all joints of the thumb. The radial nerve controls the same joints as the
median nerve, but in different directions or in distinct degrees of freedom. The
ulnar nerve communicates signals to the inner and outer joints of the second
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Figure 3: The median nerve and muscles it enervates, per [55].
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through fifth digits (the fingers). [55] contains a comprehensive but, for the
layman without a medical dictionary, incomprehensible chart of the outputs of
the median, ulnar, and radial nerves, available in Appendix ??. Visualization
more palatable. Figures 3, 4, and 5 detail the locations of each nerve, their
derivatives, and the muscles they enervate.

Figure 4: The ulnar nerve and muscles it enervates, per [55].

The nerves are remarkably dense; the ulnar nerve, for example, has cross-
sectional dimensions of approximately 6 mm by 2 mm. The specific number
of innervating neurons dedicated to each muscle varies approximately as the
number of independently acting muscle fibers. Cross sections of the spinal cord
bisect tens of thousands of axons [79], several thousand of which enter the three
primary nerves of each arm. Neural decoding is made difficult by such extreme
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Figure 5: The radial nerve and muscles it enervates, per [55].
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spatial proximity.
If surface electrodes are to be employed to measure information in the arm,

the signals collected are actually the potentials of the relevant muscles, delo-
calized, amplified electrical responses of the relevant nerves: electromyography.
Knowledge of the locations and functions of the muscles driving movements of
the hand is therefore critical to electrode placement. Such muscle delineation
can be accomplished ad hoc by moving each joint of each digit in turn and
identifying the locations of muscle activity. The hand is controlled by an ex-
trinsic group, located on the forearm, and a smaller intrinsic group, located in
the hand. Muscles of the forearm are stratified. Most superficial (closest to
the skin) on the palmar side (side of the palm) are the pronator terse (elbow),
flexor carpi radialis (wrist), palmaris longus (elbow and wrist), and flexor carpi
ulnaris (wrist), under which is the flexor digitorum superficialis (second through
fifth fingers). Under both are the flexor pollicis longus (wrist and thumb) and
flexor digitorum profundus (wrist and second through fifth fingers). Though the
muscles controlling the fingers and thumb, then, are not immediately available,
some sensors should be placed over the flexor digitorum profundus, flexor digi-
torum superficialis, and flexor pollicis longus to aggregate maximal information
content about finger location from the palmar side of the forearm.

On the dorsal side, the extensor carpi ulnaris (wrist), extensor digiti min-
imi (wrist, the fifth digit), extensor digitorum (wrist and second through fifth
fingers), extensor carpi radialis longus (elbow and wrist), and extensor carpi
radialis brevis (elbow and wrist) are layered atop the abductor pollicis (wrist
and thumb), ectensor pollicis brevis (wrist and thumb), extensor pollicis longus
(wrist and thumb), and extensor indicis (wrist and second joint). The extensor
digiti minimi, extensor digitorum, abductor pollicis, extensor pollicis longus,
and extensor indicis, then, should receive sensor coverage to ensure maximal
information about finger movements is collected.

The muscles surrounding the base of the thumb are relevant to its fine con-
trol but introducing sensors to the palm seems sufficiently impeding to normal
activity to be unrealistic.

The anatomy of the brain is not detailed, as the focus of this work is the
peripheral nervous system, but can be found in any basic reference text (like
[11]).

4 Prior Neural Interfaces
Since the identification of the brain as the locale of information processing,
methods of more directly interacting with that processing have been of interest
to the research and medical communities. Humans have developed extremely
efficient methods of information transfer: written language can communicate in-
formation at approximately 50 bits/s, and speech communicates information at
approximately 39 bits/s, independent of the particular language [140]. As plat-
forms of experience have evolved, so have modes of communication in and out of
the brain, many localized to the hands. The typewriter brought the keyboard,
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Figure 6: Palmar muscles of the forearm contributing to finger movement, per
[55]. Specifically, the flexor digitorum profundus, flexor digitorum superficialis,
and flexor pollicis longus are relevant to finger motion (boxed).
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Figure 7: Dorsal muscles of the forearm contributing to finger movement, per
[55]. Specifically, the extensor digiti minimi, extensor digitorum, abductor pol-
licis, extensor pollicis longus, and extensor indicis are relevant to finger motion
(boxed).
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the desktop computer the mouse, the laptop the trackpad, the smartphone the
touchscreen. In emerging platforms, especially augmented reality (AR) and
virtual reality (VR), new methods of information transfer with the brain are
required. Many, including major (economic) players like Meta, believe that a
more direct link to nerves via a noninvasive neural interface may be the solution.

4.1 A History of Neural Interfaces
Artificial interface with the nervous system has been practiced since antiquity.
Pedianos Dioscurides (76 CE) and Avicenna (150 CE) described the use of "elec-
tric rays" for treatment of seizures and chronic headaches. The relationship be-
tween electrical stimulus and neural activity was not made concrete until the ex-
periments of Galvani and Volta (eighteenth century). Galvani, whose contrived
experiments with frog legs were as entertaining to his contemporaries as they
are today, established the correlation between electrical stimulation intensity
and muscle contraction, saturation, and the refractory period [129]. Volta exe-
cuted similar experiments realized that electricity was a broader phenomenon,
inventing the pile battery and establishing that electricity could be produced
by non-biologic systems. A mapping between stimulation of the cortex and mo-
tor activity was established by Galvani’s nephew, who produced contraction of
facial muscles of the heads of recently beheaded criminals. Thereafter, cortical
maps were produced for dogs. Efforts to understand brain damage began in
earnest during the First World War. Stimulation of the occipital cortex during
surgeries to remove debris from the brains of gunshot victims confirmed its rela-
tion to vision. During this period, stimulation began to be used as a method to
localize ablation, further localizing functions in the brain, but the questionable
ethical framework on which the practice was based led to its abandonment by
the 1960s. However, the success of the implanted pacemaker renewed interest in
neurostimulatory devices, eventually leading to the commercialization of "deep
brain stimulation" for the treatment of Parkinsons. By the 1970s, the cochlear
implant, the most successful neural interface, had been developed. A useful his-
tory of interfaces can be found in Chapter II of [66]. Advances in neuroscience
and commercial interest have produced an assortment of technologies relevant
to the design of a neural interface.

4.2 Approaches
Hardware to record and stimulate the nerves has been produced since the dis-
covery of electricity and its near simultaneous discovery in biological systems.
Neuroscientists for centuries drove research. Researchers interested in brain-
machine interfaces have also made substantial contributions of late.

4.2.1 Recording Neural Signals

Invasive Approaches
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Figure 8: "I am attacked by two very opposite sects—the scientists and the
know-nothings. Both laugh at me—calling me ’the frogs’ dancing-master.’ Yet
I know that I have discovered one of the greatest forces in nature." – Galvani
[66].

Neuroscientists’ interest in reading neural signals solely drove instrumenta-
tion research until the advent of neuroprosthetics. The earliest measurements
were conducted at muscle-scale using galvanometers (1827) [18]. Measurement
timescales were decreased with Bernstein’s differential rheotome (1880) to tens
of microseconds. The isolation of giant squid axons for neuroscience experimen-
tation in 1939 (enabling Hodgkin and Huxley’s seminal theoretic work on the
neuron) accelerated the field without the requirement of an instrument for mea-
suring smaller neurons. The invention of microelectrodes, thin fibers of glass
pulled from pipettes, allowed recording of membrane current and potential at
microscale [78]. Extracellular recording was accomplished in 1961 by Strick-
holm, who positioned liquid-filled micropipettes to form an electrically isolated
contact with a neuronal membrane [122]. Further advances in the early 1980s
with highly-cleaned and smoothed micropipette tips, enabling better membrane
contact and thus electrical isolation, produced even more precise measurements
and remain in use today. These techniques, though allowing spatial resolu-
tion on the ion-channel scale, are useful only in isolated tissues and difficult
to implement en masse or in vivo, limiting their utility in interface systems.
Data collection for neuroprosthetics and brain-machine-interfaces requires long-
duration, standalone recording of areas of neural output–the muscle groups of
interest, if extant, or spared muscle groups in amputees; peripheral nerves; and
the motor cortex [66], introducing different performance requirements than are
typical in neuroscience. A variety of technologies have since been produced
specifically for those purposes

Invasive electrodes allow the recording of neural signals at the source. As
compared to noninvasive techniques, they produce higher signal quality and
time resolution, but have poorer long term stability and are associated with high
medical risk, particularly those in the brain. Immune responses are elicited by
trauma and the presence of a foreign body, often resulting in a fibrous, or, in the
brain, glial capsule around the electrode, limiting its sensitivity [88]. Trauma
can also be sustained by forces exerted under strain due to the differences in
mechanical properties of the device and neural tissue. The brain is subjected
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to the accelerations of the head, as is the volume of cerebrospinal fluid by
which it is surrounded. On a local scale, the brain expands and contracts
as a consequence of variations in intrathoracic pressure due to breathing and
the heart [66]. A stiff, immobile electrode can therefore tear tissue. Finally,
poor chemical compatibility of the surface materials of the device with biologic
tissue can reduce neural function; tissue density around electrodes is typically
reduced by 20% to 60 % [117]. Microwire and microelectrode arrays are the
most common invasive interfaces.

Microwire arrays, invented in the 1950s, and microelectrode arrays, invented
in 1972, allow the simultaneous recording of multiple electrodes, but at the cost
of a loss of resolution. Silicon microarrays and microwires are the most com-
mon electrodes penetrating the brain’s surface. Silicon needle microarrays are
formed by thermomigrating p+ trails through an n-type wafer and sawing or
etching an array of needles, each containing a trail, normal to the wafer surface.
Alternatively, rows of needles can be fabricated in the wafer plane and stacked,
enabling longer needles containing several electrodes each. The Utah Array re-
mains the only Food and Drug Administration (FDA) approved microelectrode
implant [16]. Microwire arrays are composed of microwires terminating at stag-
gered depths and arranged into bundles (approximately 10 wires per bundle)
insulated by guiding tubes and imbedded in a supporting die. Depths of up to
15 mm are possible, and wires can be used for recording or stimulation. Poly-
mer microwires or microelectrodes, closer in Young’s modulus to brain tissue
than silicon or metals, reduce shear trauma. Introduction to the tissue can
occur via a retractable mechanical stiffener like a guidance needle (Neuralink’s
neurosurgical robot), or by coating the electrode in a stiff biodegradable ma-
terial (dextrose). Upon removal or degradation of the stiffener, the electrode
remains, with mechanical properties better suited to its role. Even less prob-
lematic are systems that avoid mechanical insertion into brain tissue altogether,
technologies like electrocorticography and endovascular recording.

Electrocorticographic sensors are placed below the cranium on the surface of
the brain (dura or pia mater), but do not enter its volume, decreasing medical
risk [73]. Minimum electrode spacing is approximately 1.5 mm at present (5
cortical columns). Because potentials from cortical neurons must be propagate
through several cortical layers, the cerebrospinal fluid, pia mater, and arachnoid
mater before reaching electrode structures, spatial resolution and signal to noise
ratio are not competitive with microelectrode and microwire techniques, but
signals need not propagate through the skull, so electrocorticographic systems
considerably outperform electroencephalographic techniques by these metrics.
Electrocorticography was developed for and is most commonly used for defining
epileptogenic zones (volumes of brain tissue initiating seizures) to be removed;
its spatial resolution is considered high enough by the medical community to
inform lesioning of neural matter. Recent work has allowed stroke patients
incapable of speech to communicate with a basic vocabulary [96]. Electrocor-
ticography, is still, of course, highly invasive, requiring craniotomy, removal of
a section of the skull. Wireless data and power transfer systems are common to
reduce infection risk. Again, differing mechanical and chemical properties be-
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tween the sensor and brain surface can reduce long-term efficacy. Endovascular
systems are similarly semi-invasive.

Endovascular systems, whereby electrodes on stents (stentrodes) are inserted
into veins within the brain, are a technology of renewed interest in brain inter-
face design. Veins access regions of the brain thought to be information-rich
but difficult to access via traditional invasive electrodes, such as sucal folds,
and volumes deep in the brain [99]. Endovascular systems inherit cardiovascu-
lar stent technology and procedures, allowing precise electrode placement and
minimized medical risk. Recording of brain activity was first reported in 1969
[33], but until recently had only been achieved for a period of several hours (dur-
ing surgery). [106] in 2016 demonstrated recordings of up to 190 days from veins
on the cortices of freely-moving sheep, inspiring a flurry of follow-on research.
Specifically, [106] mapped the vascular system in each sheep using cerebral an-
giography, in which an iodine tracer is introduced to the bloodstream and the
brain X-rayed in three dimensions, inserted stentrodes in a superficial cortical
vein using a catheter, and recorded data via a delivery wire through the vein.
The method allows implantation in vessels as small as 1.7mm in diameter, and
the resulting data were comparable in spectral content and bandwidth to con-
ventional electrocorticographical arrays. [105] demonstrated a similar system in
sheep for a six-month period. No group has yet demonstrated wireless power
transfer to or communication with a stentrode; such systems are "too large
for safe endovascular deposition" [106]. Introduction of any foreign body to a
vein risks thrombosis, clotting that can produce a stroke. Electrode density on
stentrodes is poor at present; custom stent design might improve performance.
Such technology might be inherited from neural dust, a more recent innovation,
which represents the smallest conceivable standalone electrode design.

Neural dust, free-floating, ultrasound powered, 10µm - 100 µm electrodes
have been used to record electromyographic (muscle impulse) and electroneuro-
graphic (nerve impulse) data at high spatial and temporal resolution, but are
difficult to place, localize, and track. Wireless systems are optimal, particularly
when collecting data from the brain itself, to avoid risk of infection, as is small
scale, to reduce mechanical trauma. Scaling down the size of an electromag-
netic receiver requires increasing the frequency of the resonant electromagnetic
wave with which it couples. However, attenuation increases rapidly with fre-
quency, so smaller systems require greater power transfer, most of it into the
biological tissue surrounding the device. Specifically, this effect renders devices
smaller than the millimeter scale unsafe [98]. Useful radiation limits for bio-
logical tissues are provided by the Federal Communications Commission (FCC)
and Institute of Electrical and Electronics Engineers (IEEE) [2]. Some groups
have demonstrated electromagnetically-powered sensors of sub-millimeter scale
for recording and stimulation [103], but the devices are useful only useful on
the surface of neural tissue [19]. The designers of neural dust, noting emerg-
ing wireless neural interfaces and the utility of increased specificity afforded by
decreased scale, selected ultrasound for its low attenuation and miniaturizable
reception systems [115]. Ultrasound has very low attenuation in biological tis-
sues and propagates at low speed (the speed of sound), decreasing wavelength
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as compared to electromagnetic waves of the same frequency and improving
coupling efficiency with small devices. Ultrasound is also safer than electromag-
netic radiation: the Food and Drug Administration’s (FDA’s) allowable limit
on ultrasound power propagating through biological tissue is about 72 times
greater than the equivalent limit for radio waves [116]. Devices of the scale of
approximately 10 microns are feasible, even when deep in biological tissue. Sev-
eral groups have succeeded in producing neural dust motes and even recording
in neural tissue, but many challenges remain. Delivery of motes into the neural
tissue of interest is accomplished via surgery in present research [116], but is not
scalable: Fine-wire arrays, from which the motes detach, and kinetic delivery,
shooting the motes into tissue, have been proposed. Design and fabrication of
a CMOS front-ends capable of operating at the decreasing power and signal-
to-noise ratio at small scale is difficult, as is encapsulation of the device in a
biocompatible package (the integration of a low-Curie-temperature piezo crys-
tal renders most traditional sealing techniques infeasible [98]). Communication
with large (interfering) ensembles of motes in close proximity has not yet been
demonstrated. Enabling scaled reading of neural signals at a scale even smaller
than neural dust are optogenetic methods.

Optogenetics, the genetic modification of cells to read or control their ac-
tivity using light, if typically employed for neuromodulation, is also useful as a
means of recording neural activity at high temporal and spatial resolution. Most
commonly, viral vectors are used to introduce a gene engineered to express the
optogenetic protein, perhaps adjoined to a promoter to increase specificity. In-
troduction of the gene at the zygotal stage improves specificity of expression.
The most common optogenetic proteins are genetically encoded calcium indica-
tors, which map calcium ion concentration, and therefore the motion of action
potentials [111], to fluorescence, but biosensors of chloride ion concentration, pH,
membrane voltage, glutamate concentration, GABA concentration, dopamine
concentration, serotonin concentration, norepinephrine concentration, and ATP
concentration have been developed, among others. Optogenetic methods are
especially valuable because they can be targeted with extreme precision. Spe-
cific classes of cells, even particular types of neurons, can be specified, as can
sub-cellular domains by joining the indicator protein with well-chosen intrabod-
ies, retention signals, or anchoring domains. Thousands of neurons have been
recorded simultaneously using optogenetic indicators. Optogenetic indicators,
however, have limitations. Most indicators are green, making the simultane-
ous measurement of several parameters difficult. Indicators photo bleach (lose
the ability to fluoresce) over time, limiting long-term utility. Indicators are not
passive observational tools: indicators can buffer the measured ion or protein,
altering cellular dynamics, and indicators can be toxic to cells when overex-
pressed. Furthermore, recording the neurons can be complex, requiring extreme
control over optical source parameters and very sensitive optical sensors. Other
challenges include selective expression, in which expression of the optogenetic
gene varies substantially by cell infected, producing electromagnetic sources spe-
cific enough to individual, rather than synchronous, activation of neurons, and
minimizing inconsistencies in irradiation resulting from absorption and scatter-
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ing in tissue.
Not all invasive technologies have been designed for the cortex, and most of

the aforementioned techniques have been adopted for measurement of periph-
eral nerves. However, an assortment of invasive electrode designs specifically
for interfacing with the peripheral nerves have also been introduced and imple-
mented as treatment of medical conditions including migraines, fibromyalgia,
tinnitus, and spinal pain, among others [49], though these techniques generally
stimulate nerves rather than record neural data. Cuff electrodes (Figure 9 E),
which surround the nerve of interest, are safer and have a longer useful life than
intraneural electrodes (Figure 9 B, C, and D), but are less specific, accessing
only the nerve fibers on the surface of the bundle. Intraneural electrodes are
more specific but produce greater physiological disruption. The resulting deteri-
oration of the nerve can reduce intraneural electrode performance to below that
of cuff electrodes. Researchers have also employed less precise designs: paddle
electrodes that read from either side of the nerve and wires coiled around the
nerve. [117] presents detailed models of the signals received from electrodes as
related to their positions relative to the nerve.

Figure 9: "Common recording electrode designs for peripheral nerves, composed
of the epineurium (A.i), nerve fascicles (A.ii), and blood vessels (A.iii). The
designs are regenerative (B), intrafasicular (C), intraneural (D), and a nerve
cuff (E). Per [66].

Noninvasive Approaches
Noninvasive data collection can be performed by electrodes contacting the

skin. Electromyography (EMG) and electroencephalography (EEG) record im-
pulses of the muscles and the scalp, respectively. EMGs and EEGs provide low
spatial resolution, collecting data from whole muscles or macroscopic patterns of
activity in the brain. EEG and EMG electrodes are often silver-silver chloride,
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stainless steel, or titanium [110], as to reduce impedance. In medical settings,
EMG electrodes are frequently affixed to the skin with a potassium chloride
paste or gel to minimize movement artefacts and further reduce impedance.
Dry electrodes, not requiring gel to establish electrical contact, however, are
increasingly popular as candidate sensors in the neuroprosthetic and consumer
wearable device spaces. A comparison of several electrode geometries can be
found in [126]. EMG data are typically highly correlated for lack of resolu-
tion. High density electrode configurations, able to extract more detailed motor
data, have been produced, but the associated computational cost has rendered
increases in real-time performance difficult to achieve [63].

4.2.2 Neuromodulation

The technologies of neuromodulation are largely identical to those for recording
data with the direction of current flow reversed.

Direct current stimulation uses the very electrodes technologies and config-
urations described in the previous section to write signals to, rather than read
signals from, the surrounding nerves. Direct current stimulation methods largely
inherit the characteristics of those recording technologies. Neuroscientists stim-
ulate at the neuron scale using voltage and current clamps, methods employing
micro-pipettes as electrodes for interface with the cells [130]. Stimulation via
microwire or microelectrode arrays is implemented with identical physical inter-
faces with biological tissue but different driving circuits. Electrocorticographic
stimulation has been demonstrated in conjunction with neural recording [21] in
the context of stroke, Parkinson’s, and seizure treatment but also for research
in plasticity enhancement. Electrocorticographic devices can deliver far more
stimulative power to the surface of the brain than extracranial methods with-
out the risk associated with actually penetrating neural tissue. Endovascular
stimulation, like endovascular neural recording, has been demonstrated in adult
sheep [104] [44], with minimal differences from responses evoked by penetrating
microelectrode arrays. The use of neural dust for stimulation, despite the dif-
ficulty of harvesting substantial ultrasonic power at small electrode scales, has
been implemented in motes as small as 1.7 mm3 [107] and demonstrated in vivo,
delivering stimulation and recording neural response. Stimulation has also been
demonstrated in electromagnetically powered sensors of similar scale [103], but
these devices can only be implanted shallowly in tissue. [117] provides models
of stimulation via direct current injection with electrodes. A final form of di-
rect current stimulation, deep brain stimulation systems, are unusually invasive.
Electrodes are driven deep into the brain (often as far as the thalamus, near its
center), and high-frequency stimulation delivered [14]. The electrodes are typ-
ically powered by a battery system implanted near the collarbone. Deep brain
stimulation has been approved by the FDA for treatment of Parkinson’s disease,
dystonia, obsessive-compulsive disorder, and epilepsy. Though the mechanisms
by which deep brain stimulation improves clinical outcomes are not understood,
results are impressive; treatment of Parkinson’s by deep brain stimulation, for
example, typically yields improvements in motor evaluations of 30% to 60% [91].
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Electricity is not the sole mode of neurostimulation.
Magnetic fields, in addition to electrical fields, can be used to stimulate neu-

ral tissue [86]. Transcranial magnetic stimulation systems use relatively large
external coils external to the skull to produce time-varying magnetic fields,
which induce current in neural tissue in the regions of maximal flux [53]. The
result is an introduction of noise into neural processes [29] at time resolutions on
the millisecond scale and spatial resolution in the millimeter range, though most
systems produce far coarser stimulation on both dimensions. Because transcra-
nial magnetic stimulation is relatively simple to implement, it has been used
extensively in the treatment of psychiatric disorders ranging from depression
and anxiety to schizophrenia and epilepsy [42][9] for several decades. Magnetic
stimulation has, more recently, been realized at much smaller scales; [19] tested
a coil 500 µm in diameter and 1 mm in length in tissue, and separate groups
have demonstrated performance in vivo [90]. Such technologies, micromagnetic
stimulation, are highly selective by axonal orientation [46], potentially allowing
stimulation of individual neurons. Micromagnetic stimulation system, possible
to entirely encapsulate in biocompatible materials (and without a metal-tissue
interface), provoke less foreign body response than direct-current-injection sys-
tems and are more reliable. Spatially asymmetric magnetic fields are easily
produced, and magnetic fields suffer little attenuation in biological tissue [72].
Recent research suggests that magnetic stimulation can also be applied more
precisely to neurons genetically modified to be particularly receptive to mag-
netic fields, usually by integration of more iron into the structure of ion channels
[81], though results remain contested [87][75]. Optogenetic stimulation systems,
however, have demonstrated remarkable performance.

Optogenetic stimulation is a technique common to neuroscience research
in which neural tissues of interest are genetically modified to produce light-
activated ion channels, pumps, and enzymes. Genetic material is incorporated
into the host via the same methods described above for optogenetic recording.
Optogenetic methods are notable for their millisecond-scale temporal resolution
and sub-cell-scale spatial resolution [54]. Specificity in expression can be used
to control the parameters of the radiation that produces excitation; distinct
types of cells can be engineered to produce responses to distinct wavelengths of
light, enabling multiplexing of ensembles of neural populations [34]. Stimulation
via laser or micro LED source must be carefully modulated to avoid tissue
damage [47] and is limited by attenuation to about 45 mm in neural tissue,
but has been repeatedly demonstrated in vivo [31], with stimulation possible as
quickly as four hours after injection of the viral vector. Optogenetic stimulation
has inspired intense medical device development, from multi-channel cochlear
implants (demonstrated in rodents) [61] to retinal implants [92]. Max Hodak,
former President of Neuralink, has started a firm producing micro LED retinal
implants. Optogenetic stimulation has also been applied to neural tissue in the
peripheral nervous system, though in vivo work has been limited to rodents [94]
and non-human primates [133]. Closed-loop systems employing optogenetics for
stimulation and optogenetic data [35] or mechanical sensors [89] for input have
also been demonstrated. A variety of techniques of neuromodulation have also
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been developed for which there exist no parallel recording systems.
Ultrasound can be used directly for neuromodulation [125]. While the effects

of ultrasound on neural circuits have been noted for decades, directed used of
the technique remains in its infancy [17]. Initial transcranial results indicate
higher resolution than magnetic transcranial techniques, but that ultrasonic
modulation of activity occurs over much longer timescales than direct stimu-
lation [74]. The biophysical mechanisms of ultrasonic neuromodulation remain
poorly understood, and evidence of direct stimulation is sparse [97].

Neurotransmitters, rather than action potentials, can also be modulated to
alter neuronal dynamics. Typically, neurotransmitter concentrations are altered
using psychoactive drug compounds, with delocalized, long timescale effects not
suitable for neural interfaces. However, optogenetic systems that accelerate
[136] and decelerate [83] neurotransmitter release on the short timescales and
with the neuron-scale resolution typical of optogenetic stimulation have been
produced. The technique was developed for the study of neural systems, and its
advantages over typical optogenetic stimulation are unclear, but with further
development might be relevant to neural interface systems.

Because of challenges associated with performing invasive work and because
invasive systems are unsuitable for widespread consumer adoption, I use a non-
invasive system. EMGs are the singular noninvasive technology for measuring
peripheral nerves, so EMGs I use. Fortunately, the burgeoning commercial in-
terest in methods of improving AR and VR experiences has led to substantial
activity in the space, CTRL Labs the most notable example.

4.3 CTRL Labs
In 2018 the American firm CTRL Labs developed a device on which my design is
based. After purchasing the rights to the Myo Armband hardware from another
firm, Thalamic Labs (which pivoted to the AR space before being acquired by
Google in 2020), CTRL Labs demonstrated "algorithms for determination of
hand movements and forces and real-time control from neuromuscular signals,"
allowing users to "users to create their own control schemes at run-time" [4].
CTRL Labs was quickly bought by Facebook, where development continues, if
less publicly. A recent release by Facebook indicates that the firm is integrating
haptic response as it proceeds with CTRL Labs’s original ambitions of realizing
a generalized control system from the EMG signals of the hand (including high-
speed, motionless typing). Though the complexity of CTRL Labs surpasses that
of the initial design of my Thesis (CTRL Labs had a dedicated team of engineers
and neuroscientists at work on their product), tools and off-the-shelf hardware
have since progressed such that a simplified model is possible to produce. I do
so.
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