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Abstract—This paper presents a comprehensive overview of
our latest work on two design strategies for minimally invasive,
battery-free wireless neural interfaces for adaptive neuromodula-
tion therapy in the peripheral nervous system (PNS). These active
PNS neural interfaces provide alternative treatment options for
patients with motor, sensory and other neurological deficits,
aiming to improve their quality of life. Each of the two presented
designs includes a nerve-scale integrated circuit (IC) perform-
ing fascicle-selective extraneural recording and stimulation. For
fascicle-selective neural recording, the IC interacts wirelessly
with a wearable interrogator which performs machine-learning
inference on the recorded neural signals. For fascicle-selective
neuro-stimulation, two techniques - subthreshold current pulses
and temporal interference stimulation methods are adopted.
Two oversampling neural ADC architecture choices are also
compared: an energy-efficient passive 2nd-order delta-sigma
ADC and a high-resolution noise-shaping SAR ADC. Inductive
and ultrasound energy harvesting for wireless powering and data
reception are also discussed. In vivo results from rodent studies
are included to support the validity of the discussed design
strategies.

Index Terms—Peripheral Nervous System, Neural Interfaces,
Fascicle-Selective Neural Recording, Fascicle-Selective neuro-
stimulation, Delta-Sigma ADC, Noise-Shaping SAR ADC, Wire-
less Powering

I. INTRODUCTION

The peripheral nervous system (PNS) plays an integral role
in establishing a communicative link between various organs
and the central nervous system. Innovations in miniature elec-
tronic PNS interfaces that monitor and modulate neural activity
in peripheral nerves have been instrumental in propelling
medical advancements, particularly in the restoration of motor
and sensory capabilities for those suffering from paralysis
or amputation. Furthermore, such PNS interface technologies
have been leveraged in the development of implantable closed-
loop therapeutic devices, which mark a significant break-
through in the management of chronic medical conditions
linked to autoimmune or metabolic disorders [1].

However, there are still numerous obstacles preventing the
effective and widespread deployment of PNS neural interfaces:
(1) the invasiveness of the requisite cables, electronics, and
batteries; (2) sub-optimal control of nerve fascicle selectivity;
and (3) a lack of patient-specific adaptability. Conventional
nerve cuff electrodes, depicted in Fig. 1(a), utilize tripolar
recording, which is plagued by multiple notable disadvan-
tages. These include: (1) vulnerability to mechanical failure,
(2) increased susceptibility to electromagnetic interference,

Fig. 1. Comparative illustrations of PNS neural interfaces. (a) Conventional
tripolar recording nerve cuff. (b) Conventional high-density electrodes on
flexible nerve cuff. (c) Design 1: Die-on-cuff active interface [2]. (d) Design
2: Flexible-rigid active interface [3].

which deteriorates the signal-to-noise ratio (SNR), and (3)
a substantial implant form factor that escalates invasiveness
and cost. Additionally, the requirement for minimal recurring
battery replacements amplifies the device’s size. Despite the
tripolar configuration’s capacity to reduce artifacts stemming
from adjacent muscle activity or stimulation, it remains acutely
sensitive to cuff impedance imbalance and fails to offer
fascicle selectivity. Passive high-density flexible nerve cuffs,
illustrated in Fig. 1(b), may augment selectivity but are not
exempt from the other inherent limitations of the passive
configuration.

We present two of our most recent designs of PNS neural in-
terfaces devised to mitigate these challenges: both are battery-
free wireless PNS interfaces with individual fascicle selectiv-
ity. At the core of each of these designs is a miniature system-
on-chip integrated circuit (IC) with extraneural recordering
and stimulation capabilities. These ICs are complemented by
a wearable RFID-style interrogator equipped with a machine
learning edge-inference engine. It enables a fascicle-selective
neuromodulation therapy approach without the need for risky
invasive procedures on the nerve trunk, such as intrafascicular
[4] or regenerative [5], [6] implantation into the nerve truck.

The first design involves flip-chip bonding IC onto a petite
electrode array cuff clip, as displayed in Fig. 1(c). Minimal
compression is exerted on the nerve to ensure optimal planar
array contact, akin to the passive FINE electrodes routinely
implanted in humans [7]. The second design, depicted in Fig.
1(d), embeds the IC onto the rigid section of a flexible-
rigid electrode array substrate. This pliable electrode array
accommodates the nerve’s shape, effectively enveloping it
to minimize the probability of nerve damage. The wireless
functionality of the proposed devices is enabled by inductive
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Fig. 2. (a) Top-to-bottom: bipolar differential recording, unipolar differential recording, and unipolar pseudo-differential recording configurations. (b-c) Two
implementations of unipolar pseudo-differential PNS neural interfaces: (b) power-efficient passive 2nd-order ∆Σ neural ADC [2], and (c) high-resolution
1st-order noise-shaping (NS) SAR neural ADC [3].

power and ultrasonic power transmission, respectively. This
attribute facilitates deeper implantation of the device, abolishes
the necessity for obtrusive cables, and significantly reduces
the invasiveness of the implantation process. By situating the
recording system adjacent to the recording site, the SNR is
significantly enhanced, and the influence of electromagnetic
interference is diminished, ultimately improving the overall
interface performance.

Each of the two proposed PNS interfaces attains fine deep
fascicle selectivity without necessitating nerve penetration. For
fascicle-selective neurostimulation, inspired by the work in the
central nervous system [8], [9], the first design adopts the
non-overlapping subthreshold current pulses method [8] and
the second design adopts the temporally interfering electric
field method [9] to selectively stimulate individual fascicles,
respectively. For fascicle-selective recording, a digital convo-
lutional neural network (CNN) classifier has been employed
to perform online edge-inference on the recorded neural data.

II. FASCICLE-SELECTIVE RECORDING

This section introduces design choices for the analog-front
architecture and the digital CNN classifier architecture. With
these, the proposed PNS neural interface achieves selective
recording.

A. Analog-front end architecture

As depicted in Fig. 2(a, top), one choice for neural am-
plifiers is to employ bipolar differential recording [10]–[12]
for high common-mode rejection ratio (CMRR) at the cost
of requiring a larger number of electrodes, which increases
the size, complexity and cost of neural interfaces. In addition,
if the recording area is constrained, an increased number
of electrodes may also result in a smaller distance between
electrodes and a smaller electrode size, leading to recorded
signal degradation. Unipolar differential recording (Fig. 2(a,
middle)) [13], [14] is therefore favored. It offers enhanced
signal amplitude, but suffers from a large mismatch in the
input impedance leading to degraded CMRR. We employ a
pseudo-differential configuration that overcomes these limita-
tions (Fig. 2(a, bottom)).

Our first pseudo-differential design [2] incorporates a
power-optimized 2nd-order ∆Σ ADC, as seen in Fig. 2(b). It
substitutes the energy-intensive operational transconductance

Fig. 3. Fascicle-selective neural recording strategy. (a) A method of reorga-
nizing the digital neural data from an 8× 8 electrode array to an 64× 100
spatiotemporal feature matrix. (b) Depiction of the 64× 100 spatiotemporal
feature matrix formed from the reorganized digital neural data by rows (left)
and columns (right), to emphasize spatial and temporal features, respectively.
(c) Two versions of the inference engine that classifies the neural activity into
one of the three classes: dorsiflexion, plantarflexion, and heel prick. Designs
1 and 2 employ the models highlighted in green and yellow, respectively.
The yellow implementation provides resource-efficient neural networks with
minimal accuracy loss compared to the green version. It is suitable for
resource-constrained implantable hardware and requires significantly fewer
weights, memory, and FLOPs. Despite this, it maintains F-1 score above 0.85.
(d) The best (yellow) classifier’s performance results, including accuracy and
F-1 score, derived from a 3-fold dataset.

amplifier and integrator, typically found in the majority of
∆Σ ADCs, with an opamp-less charge pump and passive
integrators that are more power-efficient. Furthermore, this
configuration enables the frequency multiplexing of differ-
ential neural voltage, (VIN − VREF), and base-band cur-



Fig. 4. Fascicle-selective neural stimulation strategies. (a) Selected fascicle recruitment by the intersectional short pulses method [2]. (b) FEM simulation of
targeted stimulation by the intersectional short pulses method. (c) & (d) Temporal interference stimulation (TIS) method example and its principle of operation,
respectively [3]. (e) TIS method’s selective stimulation capability illustrated by a FEM simulation.

rent, I, which facilitates simultaneous voltage and electrode
impedance recording. The CMRR is primarily constrained by
the mismatch of the input impedance and the discrepancies
between the top and bottom plates of the sampling capacitor.
Nonetheless, despite these constraints, the design maintains an
adequate CMRR for a PNS interface.

In our second pseudo-differential design [3], we introduce
an additional preamplifier to an ADC to enhance the in-
put impedance matching such that it upholds an improved
CMRR, as illustrated in Fig. 2(c). Each of these preampli-
fiers exploits a switched-capacitor correlated-double-sampling
amplifier, which is aimed at mitigating low-frequency noise
and offset. A first-order NS-SAR ADC with an inverter-
based integrator conducts differential sampling of the pre-
amplified neural and reference signals, thereby enabling mod-
erate common-mode rejection. Moreover, the implementa-
tion of asynchronous SAR logic facilitates rapid conversion.
Concurrently, the design employs dynamic element matching
(DEM) to minimize the implications of mismatch within the
capacitor bank.

B. Digital convolutional neural network classifier

We deploy a CNN to link naturally-evoked compound action
potentials (nCAP) we record with specific neural pathways
using spatiotemporal patterns, as shown in Fig. 3, which
involves the following steps:

1) nCAP detection: The recorded signals are averaged
to enhance the SNR. Subsequently, nCAPs are detected by
applying a thresholding method to this averaged signal.

2) Spatiotemporal signature extraction: Once nCAPs are
identified, the spatiotemporal signatures are established by
reorganizing the 8× 8 digital neural data, both longitudinally
and transversely (Fig. 3(a)), emphasizing spatial and temporal
features forming two 64×100 matrixes as shown in Fig. 3(b).

3) Training: The extracted spatiotemporal signatures are
then used to train a CNN model with Tensorflow Keras

libraries using stochastic gradient descent optimization and
categorical cross-entropy loss. Training included 1000 epochs
or whenever the validation loss function did not decrease for
over 15 epochs.

4) Inference: The CNN classifier then associates each
nCAP with a specific neural pathway (dorsiflexion, plantarflex-
ion, and heel pricking) as shown in Fig. 3(c).

This algorithm was initially proposed in [15] and subse-
quently improved to be implemented in wearable hardware in
our first design [2], [16] (green in Fig. 3(c)). To accommodate
CNNs on even smaller wearable devices, our second design
was further improved [17] (yellow in Fig. 3(c)). The main
modification is that fully connected output layer is replaced
with two convolutional layers and a global pooling layer,
drastically reducing filter parameters by a factor of 420, yet
only slightly decreasing F-1 score performance. Results in Fig.
3(d) show the classifier’s accuracy at 86.7% and its F-1 score
at 85.6% from a 3-fold dataset derived from a single animal.

III. FASICLE-SELECTIVE STIMULATION

Our first design adapts intersectional short pulses (ISP)
method [8], initially developed for the brain, to the PNS (Fig.
4 (a)), to stimulate individual deep fascicles selectively. The
intersectional short pulses technique utilizes the CMOS die-
on-cuff to apply pulses to distinct contacts, thus fostering
higher average charge density in the deeper tissues while
maintaining a reduced charge density on the surface. This
is achieved through the sequential activation of serval pairs
(three in this example) of source/sink current sources, which
facilitates building up the charge in the deep tissue. As a
result, a cumulative charge in the deep tissue surpasses the
recruitment threshold of the central fascicle (illustrated in
green), without recruiting fascicles near the surface. The finite
element method (FEM) simulation results in Fig. 4 (b) portray
the electric field density across the nerve trunk, highlighting



Fig. 5. In vivo validation in Wistar rats: (a) ENG signal amplitude response on the sciatic nerve to tibial nerve stimulation (the first design); (b) recorded
compound action potentials in response to mechanical stimulation of a lower limb (the second design); and (c) in vivo demonstration of temporal interference
stimulation in selective stimulation resulting in reaching one of the four states of a lower limb of a rat (the second design).

the selective recruitment when normalized electric field within
the fascicles is considered.

Our second design adapts the TIS method from the brain
[9] to the PNS, as displayed in Fig. 4 (c). This method utilizes
two (or more) pairs of stimulation electrodes to deliver two
differential high-frequency current stimulation signals with a
slight frequency difference, ∆f . These create two electric
fields, E1 and E2, resulting in an intermodulation field where
∆f is the frequency of the interference envelope. Fig. 4 (d)
shows a circuit-based analysis of the TIS principle, modeling
the electrode and tissue interface with a lumped component
model, ZIN. Two differential current sources correspond to
frequencies of fc and fc + ∆f , and their summation creates
a low-frequency ∆f modulation envelope most potent in the
nerve’s central region. A Nerve acts as a lowpass filter [18] and
extracts this envelope. Adjusting the strength of each current
source and stimulating electrode pairs allows for selective
targeting within the nerve bundle, given nerves’ reactivity in
the lower frequency range where ∆f exists. The selective
stimulation of TIS, stimulating top-left, center, and bottom-
right fascicles, is demonstrated via a FEM color map in
Fig. 4 (e). In essence, ISP stimulation, with simple biphasic
waveforms, is straightforward but less selective and effective
at depth. Conversely, TIS offers deep, selective stimulation,
but its complex high-frequency waveforms could complicate
implementation, increase power usage and cause tissue to
overheat. The choice between the two depends on factors like
implant depth, and power limits.

IV. MEASUREMENT RESULTS

A. Wireless powering and data communication

Our first design employs inductive power transmission.
This choice attained a power efficiency of 1.1% through
4.5 mm muscle tissue [2]. The implanted module extracts
810 µW from a modest power of 74 mW supplied from
the transmission source, ensuring adherence to the stipulated
specific absorption rate safety constraints [19]. Our second de-
sign amalgamates synergies with ultrasonic energy harvesters,
facilitating the wireless conveyance of power transdermally.
The power supply route incorporates a full-wave bulk-biased

passive rectifier succeeded by a low dropout regulator bank,
demonstrating 70% power conversion efficiency of power
shaping circuits (rectifier and LDO) under a load with a
power consumption of 480µW [3]. The data transmitted to
the implant chips is encoded into the wireless power using
amplitude shift keying. This process involves modulating the
amplitude of both inductive and ultrasound energy. In brief,
both inductive and ultrasound wireless powering offer distinct
benefits and drawbacks. Inductive power, safe and efficient,
works best for short distances but struggles with longer dis-
tances, coil misalignment, and tissue penetration. Conversely,
ultrasound power effectively reaches deeply implanted devices
and can target specific areas but might cause tissue heating.
The choice between these methods relies on device needs,
implantation depth, and patient safety considerations.

B. In vivo validation in rodents
Both designs were subjected to in vivo validation involving

Wistar rats. A 8 × 8-contact passive electrode array was
surgically positioned over the sciatic nerve and interfaced with
an IC as indicated in Figs. 5(a,b). For the first design (Fig.
5(a)), the tibial nerve was electrically stimulated to induce
action potentials, which were then registered at the proximal
segment of the sciatic nerve trunk. A nerve recruitment curve
was formulated for biphasic current pulses up to 200µA.

For the second design (Fig. 5(b)), validation was achieved
through mechanical stimulus by recording the compound ac-
tion potentials elicited by the dorsiflexion of the rat’s paw.
Furthermore, the in vivo demonstration of TIS is shown in
Fig. 5(c). Here, four unique movements of the rat’s hind paw
were induced by stimulating different electrode contact pairs,
with an activity threshold maintained at 2V.

V. CONCLUSION

This paper has comprehensively illustrated and compared
two advanced designs of PNS active neural interfaces, high-
lighting their pros and cons. The understanding derived from
this synthesis provides a substantial platform for future ad-
vancements in the realm of neural interfaces, with potential
implications for medical interventions and treatments related
to nerve disorders.
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