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Abstract— The peripheral nervous system (PNS) facilitates
communication between the brain and various organs. Advanced
PNS neural interfaces can help in restoring motor functions
for patients suffering from spinal cord injuries, amputations,
and other conditions. The efficacy of these neural interfaces,
and the precision of sensory activity decoding is heavily reliant
on artificial intelligence techniques at the backend. Traditional
machine learning techniques, such as feature-based classification,
generally requires extensive feature engineering and domain ex-
pertise, and is often ineffective at handling very high-dimensional
data. Additionally, convolutional neural networks (CNNs) tend to
perform best when employing floating-point operations, which in-
turn can be computationally intensive and less energy-efficient.
Addressing these challenges, this paper presents a multiplier-
less spiking neural network (SNN) that utilizes fewer neurons to
achieve higher accuracy. Leveraging the discrete firing charac-
teristics of SNNs, we propose a hardware implementation model,
trained on experimentally recorded action potentials from rat
peripheral nerves. This demonstrates a significant improvement
in Macro F1-score, reaching 0.89, over various CNNs while using
99.8% fewer parameters. It fully decodes three degrees of rat
motion (dorsiflexion, plantarflexion, and pricking stimulation),
showcasing the potential for efficient and accurate hardware
integration. This work highlights a path towards the development
of next-generation hardware-assisted neural interfaces.

Index Terms—SNN, neural decoding, peripheral nerve inter-
face, PNS recording, neural front end.

I. INTRODUCTION

The peripheral nervous system (PNS) neural interface rep-
resents a groundbreaking technological advancement with the
potential to restore motor functions for patients suffering
from spinal cord injuries, amputations, and other debilitating
conditions. The efficacy of these neural interfaces heavily
depends on backend processing, which typically dominates
both power consumption and the accuracy of motor decoding.

In contrast to central nervous system (CNS) neural in-
terfaces that are located in the brain [1], [2], PNS neural
interfaces [3], [4] are more localized to specific limb functions,
as illustrated in Fig. 1. In the context of sensorimotor applica-
tions, neural signals propagating through the fascicles within
the nerve truck include efferent motor commands and afferent
signals encoding proprioceptive and tactile information. Ac-
curate and efficient translation of these signals is crucial for
clinical applications. However, current artificial intelligence
networks [5] face challenges in achieving this. Convolutional
neural networks (CNNs), while powerful, often require sub-
stantial computational resources and are not optimized for the
high-dimensional, time-domain data typical of neural signals
[6].

Fig. 1. Illustration of CNS and PNS interfaces, with three degrees of motion.

Spiking neural networks (SNNs) [7], inspired by biological
neural networks, offer a promising solution. Unlike traditional
neural networks that generate continuous signals, SNNs utilize
neurons that produce discrete spikes. This spiking behavior
significantly reduces the number of required neurons and en-
hances efficiency by applying an activation threshold to neural
signals, deactivating the network when signals are below this
threshold. This makes SNNs particularly well-suited for neural
interface applications, as they efficiently process time-domain
signals while significantly reducing power consumption [8].

The advantages of SNNs are especially relevant in the
context of wearable and implantable devices, where power
efficiency and miniaturization are critical. For instance, a
high-power-consuming device may require frequent recharging
or larger batteries, both of which can limit the practicality
and comfort of the device for patients. By reducing power
consumption, SNNs can enable more compact, longer-lasting
neural interfaces.

This paper proposes a multiplier-less SNN architecture that
not only surpasses state-of-the-art accuracy but also fully
decodes three degrees of motion observed during experiment
with rats. The proposed SNN architecture has been designed
to operate with fewer neurons and reduced computational
complexity, directly addressing the limitations of traditional
approaches. We present a digital implementation of this net-
work, demonstrating its potential to significantly enhance
classification efficiency by substantially increasing the Macro
F-1 score to 0.89 and reduce the number of parameters by
99.8%, when compared to CNNs, thereby minimizing power
consumption in neural interfaces.

Section II introduces the methodology of data processing
and network architecture, while Section III illustrates the
experimental results and comparisons with conventional CNN
models. Section IV presents the concluding remarks. This
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Fig. 2. (a) The sequential data pre-processing steps used in the study,
starting with tri-polar referencing and culminating with normalization, (b) The
figure illustrates the neural responses to three different stimuli—dorsiflexion,
plantarflexion, and heel pricking—following the Delay-and-Add operation,
with the threshold levels indicated by red dashed lines.

paper aims to provide valuable insights into the application of
hardware-assisted SNNs in sensory activity decoding, offering
a path toward more efficient and accurate peripheral nerve
interfaces. By leveraging the unique advantages of SNNs, this
work highlights a promising direction for developing next-
generation neural interfaces that are both high-performing and
energy-efficient, ultimately enhancing the quality of life for
patients requiring motor function restoration.

II. MATERIALS AND METHODS

This section outlines the comprehensive methodologies em-
ployed in this study, including dataset acquisition, data pre-
processing, and the design and implementation of the Spiking
Neural Network (SNN) architecture. These steps are essential
to ensure accurate and efficient classification of naturally
evoked compound action potentials (nCAPs) from peripheral
nerve recordings.

A. Dataset Acquisition

This paper leveraged a high-resolution dataset derived from
peripheral nerve recordings [9]. The experimental setup in-
volved a multi-channel nerve cuff electrode positioned on the
sciatic nerve of nine Long-Evans rats. Each recording session
was dedicated to capturing the neural responses elicited by dis-
tinct mechanical stimuli—specifically dorsiflexion, plantarflex-
ion, and heel pricking—conducted 100 trials each [9]. These
stimuli induced different types of afferent nerve responses,

which were recorded and classified in the study, allowing for
a detailed analysis of peripheral nerve activity under varied
physiological conditions.

B. Data Pre-Processing
To effectively train a SNN, each data sample must capture

the full context of naturally evoked compound action potentials
(nCAPs) within a uniform time frame. Detailed data pre-
processing [9], illustrated in Fig. 2(a), was employed as
follows:

1) Tri-polar Referencing: Noise reduction was achieved by
subtracting the averages of the first and last electrode rings
from each channel.

2) Bandpass Filtering: A 6th-order Butterworth filter with
a 1 kHz to 3 kHz passband isolated important frequency
components [9], [10].

3) Signal Averaging: Signals from the eight contacts per
ring were averaged, reducing the dataset from 56 to 7 channels,
each representing one ring.

4) Delay-and-Add: This technique improved the signal-
to-noise ratio (SNR) and highlighted nCAPs by delaying
the averaged signal from each ring by one timestamp and
combining them.

5) Threshold Calculation: Significant spikes were identi-
fied using a threshold from [11], set to four times the Median
Absolute Deviation (MAD) divided by 0.6745, as shown in
Fig. 2(b):

Threshold =
4×MAD
0.6745

(1)

The combined signal was scanned for points where the
amplitude exceeded a predefined threshold, identifying poten-
tial nCAPs. Each candidate point’s corresponding data in the
tripole referenced and filtered multichannel recording with its
surrounding 99 data points, forming a complete data sample
with a uniform time duration, was evaluated and saved in a
56× 100 structure.

6) Dataset Construction: Due to physiological variations
among rats, datasets were customized for each subject. For
example, Rat No. 10 features 5463 nCAPs for dorsiflexion,
6607 for plantarflexion, and 11745 for pricking. To enhance
the performance of SNN model, the datasets were balanced
using the smallest class as a reference and then split into a
training set and a test set at a 7 : 3 ratio.

C. Spiking Neural Network Architecture
SNNs are a form of artificial neural networks that aim

to mimic the operation of biological neural networks more
closely than traditional artificial neural networks (ANNs) [12].
In SNNs, neurons communicate with discrete spikes (or action
potentials) which are binary events that occur at specific points
in time, rather than continuous values.

The proposed SNN network is a 4-layer structure, as illus-
trated in Fig. 3(a). The input layer contains only inputs with
no neurons, the two hidden layers each has 200 neurons, and
the output layer has 3 neurons each corresponding to 3 classes:
dorsiflexion, plantarflexion, and heel pricking. Every two
consecutive layers are connected by a linear transformation
layer with a set of learned weights and biases.



Fig. 3. (a) Spiking Neural Network Architecture, (b) Analog Circuit implementation of Leaky Integrate-and-Fire neuron, when the accumulated input Iin over
time makes membrane potential U exceeding a certain threshold Uthr , the neuron would emit a spike of binary value as output ϕ. (c) Digital implementation
of Leaky Integrate-and-Fire neuron

1) LIF Neuron Model: All neurons in the network are
modeled as Leaky Integrate-and-Fire (LIF) neurons [13], re-
ceiving inputs that simulate an RC (resistor-capacitor) circuit’s
dynamics [14], as illustrated in Fig. 3(b). These neurons
accumulate input over time and emit a binary spike when it
exceeds a specified threshold, resetting the input to a lower
value [15]. This model simplifies the electrical characteristics
of biological neurons.

The LIF model is conceptually similar to an RC circuit
with a time-varying input current Iin(t). However, traditional
LIF models involve numerous hyperparameters like resistance,
capacitance, time step (∆t), and threshold Uth), making them
complex for deep learning. The proposed model combines
various variables into a single hyperparameter, decay rate
(β = 0.96875 = 1 − 0.55), with a default threshold 1, as
shown in Algorithm 1.

Algorithm 1 Simplified LIF Neuron With Reset Mechanism
1: procedure SIMPLIFIED LIF(memin, x, β = 1 −

0.55, threshold = 1)
2: spk ← (memin > threshold) ▷ Check if spike

occurs
3: memout ← β ×memin + x− spk × threshold ▷

Update membrane potential
4: return spk,memout

5: end procedure

2) Digital Circuit Implementation of LIF Neuron: A simpli-
fied LIF model with a reset mechanism and reduced parame-
ters is given in Algorithm 1. Each LIF neuron has four inputs
(memin, x, β, threshold) and two outputs (spk, memout).
The voltage potential U across the Capacitor C in Fig. 3(b)
is represented by memin and memout, which correspond to
the current and next state of the LIF neuron respectively. The
analog input current Iin is represented as x in the digital
implementation, which is the weighted sum of neuron outputs
from the previous layer. The decay rate β specifies how much
memin will decay to memout for each step.

At each step the current state of the LIF neuron (memin)
is firstly compared to threshold, which is set to 1 in this
architecture. If memin exceeds threshold, spk is set to 1;

otherwise, it is set to 0. The digital circuit design described in
Fig. 3(c) is implemented using a comparator with two inputs
(memin and threshold) and one output (spk). The output spk
will be weighted and inputted to the neurons in the next layer.

The state of the LIF neuron is subsequently updated using
Equation 2. The state memin is decayed by β and added by
input x. If a spike is detected in the cycle, a value of threshold
is deducted from the state. The updated state memout is then
used as the input (memin) for the same neuron in the next
cycle.

memout = β ×memin + x− spk × threshold. (2)

In the digital circuit implementation, β, spk, and threshold
are specifically chosen so that the circuit design is simplified
without using multipliers. Specifically, threshold is set to 1
so that Equation 2 can be written as:

memout = β ×memin + x− spk. (3)

To transform the neuron model to hardware implementation,
β is chosen to be 1− 0.55 = 1− 1

32 , which further simplifies
the state equation:

memout = (memin −
memin

32
) + x− spk. (4)

Equation 4 is the final digital circuit design described in
Fig. 3(c), where integer adder and comparator enable unsigned
fixed point operations. Furthermore, memin/32 can be easily
achieved by masking out the last 5 bits of the input. With this
approach, the digital circuit design of each LIF neuron can be
built with only one integer comparator and one integer adder.
This design is free of any multipliers, which greatly reduces
computation resources and area [18].

D. Training
1) Input Preparation: The SNN employed in this study is

designed to process input data x in a shape of 512 × 100 ×
56, indicating it processes sequences of 56-channel data over
100 time steps, which is consistent with the sample extracted
in pre-processing. The batch size of 512 allows the model
to be trained on subsets of the data, reducing the memory
requirements and resulting in more frequent updates, which
leads to faster learning [19].



Fig. 4. (a) Distribution plots of parameter values for the SNNs at different levels of pruning: no pruning, 20% pruning, and 40% pruning. As the pruning
increases, the distribution of parameter values around zero is decreasing, indicating that less significant weights have being removed. (b) Plot of number of
parameters against the Macro F1-scores of SNNs and the CNNs[16], [17]. Note: The data for CNNs is provided for reference only, as the CNNs employed
different data processing methods, making direct comparison not possible. (c) This Plot shows the power consumption against the Macro F1-score for the
SNNs and the CNNs[16], [17].

TABLE I
CLASSIFICATION PERFORMANCE OF SNN

Class Precision Recall F1-Score Test set Size
Highest Performance (Rat 9)

Dorsiflexion 0.95 0.91 0.93 2223
Plantarflexion 0.87 0.92 0.89 2262
Prick 0.91 0.88 0.90 2236

Across Rat 5 to Rat 10
Dorsiflexion 0.89 0.91 0.90 11252
Plantarflexion 0.88 0.88 0.88 11361
Prick 0.89 0.87 0.88 11118

2) Loss Function and Optimizer: The Cross-Entropy Loss
(CE Loss) was used as the loss function for training the
SNN. ADAM optimizer [20] was used to update all learn-
able parameters and minimize the loss function during the
training process. The learning rate was lr = 7.2e − 4, and
the exponential decay rates for the moment estimates were
β = (0.9, 0.999).

III. EXPERIMENT RESULTS

The SNN model for each rat was trained using the same
method. The testing results of the model with the highest
macro F1-score are given in Table.I. A part of the nCAPs
files from each rat, covering all three types, were selected
to create a database that is not limited to a single rat. This
database was used to training a more generalized SNN and
the results are also shown in Table.I. These SNN models were
also trained with varying degrees of connectivity reduction,
pruning up to 80% of its weights to assess parameter efficiency
and performance under scenarios of decreased connectivity. A
sample distribution of the models’ parameters, both with and
without pruning, is depicted in Fig. 4(a).

The performance (Macro F1-scores) of the SNNs and the
various CNNs[16], [17] in terms of parameter number is
depicted in Fig. 4(b). The results indicate that the Macro F1-
score achieved by the SNN in classifying the three types of
events exceeds 0.89, with the highest Macro F1-score for an
individual rat reaching over 0.9. This high level of performance
underscores the substantial advantages of SNN in handling
data samples that incorporate time dimension. Despite a sig-
nificant reduction of 80% in parameters, the SNN maintained
over 80% of its initial performance, underscoring its efficiency

even with reduced complexity. Although the CNNs[16], [17]
is trained with a different dataset due to factors such as the use
of 3-fold cross-validation with augmentation and differences in
nCAPs extraction, making direct comparisons challenging, the
CNN results still provide valuable reference points since both
approaches utilized the same raw data. In the SNN, it is clear
that there is higher efficiency per parameter. This efficiency
is critical for applications requiring minimal computational
resources or rapid processing. Compared to ESCAPE-NET,
the number of parameters used is reduced by 99.8%, while
still maintaining satisfactory performance.

The comparative analysis of power consumption in Fig.4(c),
based on data from [18], shows that the SNN architecture is
designed for better power efficiency. Under ideal conditions,
it can achieve several hundred times lower energy consump-
tion compared to the ESCAPE-NET without compromising
performance (Macro F1-score). This efficiency is primarily
because the LIF neurons in the SNN output only binary values,
leading to multiplications in the fully connected layer that
do not consume significant power. The only exception is the
multiplication between the neuron’s decay constant β and its
membrane potential (mem), where β = 0.96875 = 1 − 0.55,
which can be achieved using simple shifts and subtraction.
This approach significantly reduces the computational com-
plexity and energy consumption of the network.

IV. CONCLUSION

This study presents an approach to enhancing the efficiency
and accuracy of peripheral nerve interfaces by leveraging
SNNs. The proposed SNN architecture, inspired by biological
neural networks, significantly reduces power consumption and
computational complexity while maintaining high accuracy in
decoding neural signals. The digital implementation of the
LIF neuron model further simplifies the design, making it
suitable for hardware implementation. Our results highlight
the potential of SNNs in fully decoding three degrees of
motion observed during experiment with rats, showcasing a
significant improvement in Macro F1-score, reaching 0.89,
over conventional CNNs while using 99.8% fewer parameters.
This efficiency makes SNNs particularly well-suited for appli-
cations in wearable and implantable neural interfaces, where
power consumption and miniaturization are critical factors.
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